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Abstract
Objectives. To examine the internal consistency and predictive validity of a teacher-made post-test
administered to developmental math students at Shawnee State University. Teacher-made tests receive
little attention among published research due to the perceived lack of generalizability. However, granting
more attention to teacher-made tests could help researchers to uncover broader trend within postsecondary institutions in the United States. Methods. Principal component analysis with the varimax
rotation was used to examine the factor structure of 18 test-items completed by 171 students. Then,
multiple logistic regression models were calculated to determine if the post-test predicted if a student
would earn a C or higher in their gateway math course. Age, race, high school GPA, and ACT math score
were used as covariates. Results. Three primary domains emerged during Principal Component
Analysis, with the suggested names: Algebra, Arithmetic, Linear Equations. The logistic regression
models did not indicate that the test was statistically reliable for predicting which students would earn
a C or higher in their gateway math course. Introducing age, race, high school GPA, and ACT math score
did not have a meaningful impact on any of the models. Conclusions. The test-items used for PCA align
with the intended course objectives. The test-items, and by extension the course objectives, do not
adequately predict which student’s will earn a final letter grade of C or higher in their gateway math
course. Since the course objectives appear reasonable, further research is suggested to investigate
whether other variables could better predict student outcomes.
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Chapter One – Introduction
Society depends heavily upon the use of tests for decision making. Public schools administer
achievement tests on an annual basis to determine course placement. Doctors may use psychological
tests to look for signs of mental illness. In another example, the Ohio Department of Motor Vehicles
requires applicants to pass a multiple-choice test to qualify for a driver’s permit. On the surface, tests
appear to be a quick and efficient way to make an informed decision.
In academia, testers should not assume that a test captures its intended measurement
without a sufficient form of validation. Once this is established, testers then must verify that their
measurement forms the basis for an accurate prediction. Consider an Intelligence Quotient (IQ) test
that were to include questions about the Spanish Influenza of 1918. Intelligence refers to one’s ability
to learn, and an IQ test is intended to quantify that ability. A person’s lack of knowledge about the
Spanish Influence of 1918 is not indicative of their ability to learn, as it is possible that they did not
previously study the event; this test would have poor face validity. Now suppose that a wellconstructed IQ test, such as the Stanford-Binet Test, were to be used instead. This presents another
dilemma if a tester uses this sole measurement to predict which students should enroll in advanced
placement courses. While theoretically a student with a higher IQ should outperform a student with a
lower IQ, other variables could impact the student’s performance such as grit, their work load in other
courses, having dependable transportation, etc. A test that captures its intended measurement may
not serve as a good predictor.
Tests that are used for making important decisions must undergo greater levels of scrutiny to
ensure that they are valid. Tests that continue to be utilized without confirmed validity may result in
poor decision making and perpetuate feelings of uncertainty, resentment, and perceived
incompetency. This study gives attention to a post-test that is administered to students at the end of
their developmental math course. This test accounts for 20% of a student’s final grade. The decision
to allow a student to progress in their studies (or not) carries significant implications for both the
student and the university. Due to the importance of this decision, the validity of the post-test must
be evaluated.
The goal of this study will be addressed by examining a post-test completed by 348 remedial
math students at Shawnee State University for internal consistency through principal component
analysis. Then, the emerging components will be tested for predictive validity through appropriate
logistic regression methods. The purpose of this chapter is to present the motivation and key elements
of the study: background of the problem, statement of the problem, significance of the study, primary
research questions, hypothesis, research design, theoretical framework, and assumptions and
limitations.
Motivation for Study
Teacher-made tests often have inconsistent levels of validity and reliability (Salking, 2018, p.
229). They act as a wild-card, thereby presenting legal and ethical dilemmas. Morally, tests should be
designed to yield true results pertaining to the intended measurements, and not to be misleading in
nature. From a legal perspective, Titles II, VI, and IX of the Civil Rights Act collectively prohibit
discrimination in federally funded educational programs on the basis of race, color, age, sex, disability,
and national origin (U.S. Department of Education, 1999). Courts have established that for a test to
be non-discriminatory, it must satisfy the following:
(1.)
Subgroups of students must exhibit similar score patterns
(2.)
The mean score must be consistent across subgroups of students
(3.)
Test results should correlate to relevant criterion measures (ERIC Digests, 1985)
Without sufficient analysis, it is unknown if a teacher-made test satisfies the standards of legal
precedent and if it captures the intended measurements. It may be argued that administering an
unvalidated test which accounts for a material portion of a student’s course grade is unethical.
The purpose of this study is to examine final letter grades in gateway math courses for
students who previously completed a developmental math course. Gateway math courses are entry1

level math courses which qualify for college-credit. It is extremely important that students are
adequately prepared for their gateway courses after completing developmental math, as national
graduation rates do not look good. On average, 40% of college students who enroll in a 4-year
program do not complete a degree within 6 years. At institutions with open enrollment policies, as is
the case for this study, the drop-out rate rises to 69% (National Center for Education Statistics,
2019).
Further cause to investigate the validity of this post-test is that studies have shown college
students who complete their gateway math courses within the first year of enrollment are five times
more likely to return for a second year as opposed to those who do not (Herzog, 2005). Additionally,
students completing these courses within the first two years of enrollment are 70% more likely to
graduate than those who do not (Adelman, 2006). Cabrera, Burkum, and La Nasa (2003) found that a
student’s probability of earning a 4-year degree increased 27%, 29%, and 42% by completing one,
two, or three or more math courses, respectively (Cabrera, Burkum, & La Nasa, 2003). Using an
unvalidated test which comprises a material portion of a student’s grade may wrongfully deny them of
the opportunity to gain these statistical advantages.
Ensuring that students are adequately prepared for their gateway math courses can also be
accomplished through better course placement. The dismal retention rates may be attributed improper
course placement, but universities stand to improve course placement through the use of validated
tests. Scott-Clayton, Crosta, and Belfield (2014) found that 25% of students are severely misplaced
into their first math course, with under-placement being more common than over-placement. Further,
they reported that adding Compass® and Accuplacer® scores to already available high school data
yielded only marginally better results under their predictive model (Scott-Clayton, Crosta, & Belfield,
2014).
(Belfield, 20 12)

Improper course placement also results in underprepared students being put into situations
where they cannot succeed, which also poses significant financial issues. In 2019, the U.S. national
student loan debt grew to exceed $1.41 trillion (Kurt, 2019). 61% of student loans in default were
held by college dropouts (Tompor, 2015). Then, college dropouts are twice as likely to be unemployed
as college graduates (Education Data, 2019). While college dropouts are left to cope with large debts,
diminished earnings potential, and the opportunity cost of delayed workforce entry, public universities
are dealing with negative consequences of their own. As of 2018, 37 states allocate funding to postsecondary institutions based on metrics such as retention, degree conferral, and job placement
(commonly referred to as performance funding) (Community College League of California, 2018). The
significance that retention rates can have on the funding depends upon the state. In Ohio, where this
study takes place, 80% of funding is tied to degree and course completion, whereas in Illinois it is only
1% (Community College League of California, 2018). The pressures of student loan debt and
performance funding underscore the importance of vetting adequately prepared students for gateway
math courses. Utilizing validated tests can potentially enhance course placement.
The culmination of issues regarding morality, legality, math preparedness, proper academic
placement, student loan debt, and performance funding are compelling reasons to investigate the
validity of teacher-made tests when they comprise a material portion of a student’s overall course
grade.
Competing Ideas of Validity and Bias in Test Design
Creating an unbiased test and a valid test are sometimes at odds with each other. The legal
precedents outlined in the previous section, which define an unbiased test, are based on the premise
that all people are of equal intelligence. It is possible for certain subgroups of students to
coincidentally have lower test scores. While tests should not be deliberately biased toward certain
demographics, researchers have a moral obligation to focus on obtaining true and accurate
measurements, even if the implications of such findings result in a denial of opportunity or generate
feelings of inadequacy. Lewis Terman and Arthur Jensen, two psychologists known for their
provocative findings, purported not only that intelligence was inherited, but used this to explain the
difference in IQ scores between races and economic classes. With regards to conditioning children to
achieve academic success, Terman writes, “Although reforms along these lines have been productive
of much good, they have nevertheless been in a measure disappointing. The trouble was, they were
2

too often based upon the assumption that under the right conditions all children would be, or almost
equally, capable of making satisfactory school progress. Psychological studies of school children by
means of standardized intelligence tests have shown that this supposition is not in accord with the
facts (Terman, 1916, p. 10).” At the time, this may not have been a qualified statement, as the
mathematical foundations of factor analysis had not been established yet. Long after the progress
made in the 1960’s, however, in 1980 Jensen concurs with Terman. Jensen writes, “Some
psychologists, following Watson, view individual differences in intelligence simply as differences in
what has been learned. This belief that the brain is a tabula rasa switchboard, or learning machine,
however, is contradicted by the convergence of many lines of evidence from research on brain
psychology, the genetics of mental abilities, factor analysis of innumerable highly diverse tasks
revealing substantial g loadings, the narrow transfer of training of cognitive processes, the relatively
low correlations between learning rates and the g of intelligence tests, and the biological correlations
of g, such as brain size and changes with age (Jensen, 1980, p. 247).”
While Terman and Jensen certainly felt that what a person chooses to learn has some impact
on test score, they also believed that inherited intelligence played an equally significant role. This
belief is concerning to many egalitarians, as it implies some people are incapable of being taught
certain things and are inherently disadvantaged. Ultimately it is of no consequence if a university
decides to disagree with Terman and Jensen, but to disagree with Watson and the courts of the United
States, however, carries devastating financial consequences stemming from legal liabilities. This inturn motivates researchers to prioritize designing tests to exhibit similar score patterns across
subgroups as opposed to obtaining true and accurate results. The ongoing lawsuit of Kawika Smith v.
Regents is one such example of this. On December 10th, 2019, a lawsuit was filed against the
University of California by various civil rights organizations, demanding that U.C. stop requiring
applicants to take the SAT and ACT. These are two highly recognized, standardized tests have
undergone years of expensive development. The lawsuit cites that SAT and ACT give
disproportionately lower scores to children of color, along with children who are disabled and from low
income families, when compared to their counterparts (Scheper Kim & Harris LLP, 2019).
Significance of the Study
This study will test the internal consistency and predictive validity of a post-test given to
developmental math students. The post-test is intended to be an indication of a student’s
mathematical knowledge at the end of their developmental math course; therefore, it is important to
determine if this exam measures its intended skills. Even if the exam measures the intended skills, the
intended skills must serve as good predictors for a student’s ability to earn a letter grade of “C” or
higher in their gateway math course. If the particular math skills measured by the test are not valid
predictors, then this could warrant a change in the curriculum as to better prepare students for their
future studies. Based on the predictive validity of this post-test, other educational institutions can
determine whether or not to utilize a similarly designed exam.
Documenting the internal consistency and predictive validity this test can help researchers to
identify broader trends in teacher-made tests at post-secondary institutions. Little research is
published in this area due to concerns of generalizability.
Primary Research Questions
The major questions that create the framework for this study are threefold: (a) will the
emerging principal axes correspond to the learning objectives of the class; (b) will the emerging
principal axes be predictive of a student’s ability to earn a final letter grade of “C” or higher in their
gateway math course; and, (c) will the post-test score, which is taken in the developmental math
course, be a significant predictor of success in their initial college level math course? It may be argued
that if the post-test exam does not emerge as internally consistent then it is unethical to use the
results from this test to infer a student’s level of preparedness for future gateway courses. Regardless
of the internal consistency, if the post-test does not establish predictive validity, then it is effectively
rendered useless for the purposes of determining which students are ready to begin their gateway
math course. The research questions and corresponding hypotheses are also threefold:
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(1.)

After conducting principal component analysis, do the emerging components
correspond with a factor structure that aligns with the learning objectives and goals? It
is hypothesized that principal component analysis will identify approximately 3-4
domains about arithmetic, algebra, probability, and/or statistics. The Director of
Developmental Mathematics at Shawnee State University (who played a significant
role in the test-design) has hypothesized as many as 8 domains, including geometry,
probability, linear equations, evaluating equations (simple substitution/simplification),
graphing, properties of exponents, properties of radicals, addition/subtraction of
polynomials.

(2.)

Does the cumulative post-test score and/or principal component sub-scores predict
success in a student’s gateway math course? It is hypothesized that there is no
relationship between test scores and the likelihood that a student will earn a final
letter grade of “C” or higher in their first college-level math course.

(3.)

When controlling for math ACT score, high school GPA, age, and race, does the
cumulative post-test score or any of its sub-scores accurately predict a developmental
math student’s ability to earn a letter grade of “C” or higher in their first college-level
math course? It is hypothesized that when controlling for these additional factors,
there is no relationship between post-test scores and the likelihood that a student will
earn a final letter grade of “C” or higher in their first college-level math course.

Research Design
This study examines the internal consistency and predictive validity of post-test administered
to 348 developmental math students at Shawnee State University. Students completed one of five
versions of the test; the version completed was dependent on the semester. The tests consisted of
either 33-question multiple choice test with options A-D, or 31 multiple-choice questions accompanied
by four short-answer responses. All test versions were completed on pencil and paper. The responses
on each exam will be entered into a spreadsheet and then encoded as correct or incorrect (denoted by
a 1 or 0, respectively). The students’ names, math ACT score, high school GPA (or GED status), date
of birth, race, final letter grade in the developmental math course, and final letter grade in the
gateway course will also be recorded in the spreadsheet. This data will be gathered and provided by
staff and faculty members of Shawnee State University. After collecting all of the necessary data, the
data will be cleansed of personal identifiers and provided to the researcher.
Upon receipt of the data set, the spreadsheet will be converted to .csv format for use in R
(version 3.5.2, a statistical software package). XLSTAT 2014 will be used to conduct principal
component analysis on the post-test item responses. Principal component analysis is the most
appropriate statistical method, as it allows researchers to determine how multiple independent
variables are related (as opposed to examining correlations between an independent and dependent
variable). R will then be used for applying the necessary logistical regression techniques to final letter
grade in developmental math course, cumulative post-test score, post-test sub-scores, Math ACT
score, high school GPA, age, and race, to predict a student’s final letter grade in their first college
level math course. Lastly, the results will be recorded and reported in APA format.
The intended design of the post-test is to measure a student’s knowledge of the completed
developmental math course (in this case MATH0101). Therefore, it is reasonable to examine the
predictive validity of the cumulative post-test score and factor sub-scores. Math ACT score, high
school GPA, and final letter grade in the developmental math course are also intended to be an
indication of a student’s mathematical knowledge, making these variables appropriate to be included
in a logistic regression model. A student’s age may reflect how long a student has been out of high
4

school, which could affect their level of knowledge retention from previous education. Race is included
to look for evidence of discrimination. Additionally, certain racial demographics may have
disproportionately lower socioeconomic status, which often results in lower academic performance
(Crimmins, Hayward, & Seeman, 2004) (Musu-Gillette, 2015).
Theoretical Framework
This study concerns itself with the use of teacher-made tests which comprise a material
portion of a student’s course grade. First, consider the history of standardized testing. In 1890,
Harvard President Charles Eliot was among the first to suggest the idea of using standardized testing
as an admissions standard into a college or university (Fletcher, 2009). Hundreds of standardized
tests were developed over the next 30 years for various subjects and given to students as early as
elementary school (Fletcher, 2009). The first SATs were administered in 1926 (Fletcher, 2009). Iowa
became the first state to administer state-wide testing to high school students in 1929 (Fletcher,
2009). In 2001, the No Child Left Behind Act effectively resulted in students being administered
standardized tests at the end of each school year (Fletcher, 2009). Standardized testing has continued
to grow in popularity because of an added emphasis on meaningful results. While this study does not
purport that only standardized tests should be utilized, it does operate under the framework that any
kind of test used for high-stakes decision must possess some degree of predictive validity and internal
consistency.
Adopted in this study is a unitarian view of validity, as opposed to trinitarian. Under the
unitarian view of validity, there exist five types of relevant evidence for establishing the construct
validity of a test:
1.)
2.)
3.)
4.)
5.)

Test Content
Internal Structure
Response Process
Associations with Other Variables
Consequences of Use

(Furr & Bacharach, 2014)
Test content is concerned with content validity and face validity. Content validity focuses on
the wholistic measurement of the construct being measured, in this case a student’s mathematical
abilities. MATH0101, the course with which this post-test is used, is intended to familiarize students
with “linear expressions and equations in numeric, graphic, and symbolic form; solving linear
equations and inequalities; linear models; operations with exponents; scientific notation; roots,
radicals, and fractional exponents; radical equations; polynomial expressions (Shawnee State
University, 2020).” At this level in a student’s mathematical education, their ability to demonstrate a
functional knowledge of these topics on a post-test serves as a reasonable representation of their
mathematical abilities (Furr & Bacharach, 2014).
Face validity compares the content that should be included on the test to the content that is
actually on the test. The results section will provide an assessment of the face validity of the post-test
(Furr & Bacharach, 2014).
Internal structure refers to the way that the test-items relate to each other, which is
evaluated in this study through principal component analysis. Response process refers to the
psychological process that a student uses when responding to the test-items. The students are
conditioned on how to approach the test-items by exposure to analogous problems presented in
lecture and on homework assignments. “Associations with other variables” refers to particular patterns
that are likely to be observed in the data set because of other variables (Furr & Bacharach, 2014). In
this case, it may be expected that students with a higher ACT math score and greater high school GPA
will score higher on the post-test and therefore be more likely to earn a C or higher in their gateway
math course. Additionally, the underlying constructs that arise from principal component analysis will
be tested for predictive validity.
5

Lastly, “consequences of use” refers to the social and personal consequences associated with
using a test (Furr & Bacharach, 2014). One obvious consequence associated with the post-test used in
this study is that the test accounts for 20% of a student’s final grade. This, in turn, contributes to the
decision of whether or not the student should be permitted to take additional math courses. Another
consequence that will be screened for, though logistics regression techniques, is evidence of racial
bias.
Assumptions, Limitations, and Scope
It is assumed that students did not cheat on the post-test or pre-test and that each student
made a good faith effort to answer all questions correctly. This is supported by the fact that the posttest exam counted for 20% of a student’s final grade. It is also assumed that students did not cheat
once enrolled in their first college-level math course and that they put forth their best effort to learn
the material covered in the course. It is assumed that the letter grades each student received were an
accurate representation of their mathematical knowledge for the respective courses.
This sample of students included in this study may not be representative of the typical body of
college students found at Shawnee State University or in the State of Ohio. There is no record of each
student’s socioeconomic status, attitudes toward mathematics, or time spent on task.
The generalizability of the study is somewhat hampered by the specificity of the post-test that
was administered to the students. While other universities likely use an exam that covers similar
content, it is highly unlikely that this specific exam is being used by other universities. Some
universities may opt for extended response math exams, whereas the exam in this study is multiple
choice. The use of a multiple-choice exam creates the possibility of guessing the correct answer, but
since each question can be responded to in four ways, it is unlikely a student could earn an
abnormally high score through guessing. This study is deliberately limited to developmental math
students at Shawnee State University.
Definition of Terms
Gateway math course: the first college-level math course that a student completes
Internal consistency: a type of reliability which focuses on how test-items relate to each other
Predictive validity: the ability of a data point or measurement to predict a future outcome
Validity: the ability of a test to measure what it claims to measure
Summary of Introduction
The purpose of this chapter was to cover preliminary details and the intended design of the
study. A post-test given to 348 remedial math students at Shawnee State University will be examined
for internal consistency and predictive validity through principal component analysis. Then, the
emerging factors will be tested for predictive validity through appropriate logistic regression
techniques. The study is motivated by the unethical use of tests which comprise a material portion of
a student’s grade without first establishing validity. Methods of test validation and ideas regarding
test-bias have changed over the course of several decades. On-going litigation regarding
discrimination through test bias may continue to alter the landscape of test-design.
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Chapter Two – Literature Review
Remedial Education
This study focuses on the predictive validity and internal consistency of a post-test
administered to developmental math students at Shawnee State University. As remedial education has
become more prevalent, the wholistic effectiveness of such programs has become a growing concern.
It is important to understand the effect that remedial education can have on the ability of students to
meet their academic and financial goals. This section provides a historical context for remedial
education, an overview of existing concerns, and summarizes the ongoing political reform that leaves
much to be explored.
Historical Interest
Researchers have been publishing papers on developmental mathematics programs as early
as the 1940’s. For example, in December of 1943, the National Council of Teachers of Mathematics
published an article by Glenn Myers Blair, who typed 1,090 letters to high school principals requesting
a list of common practices for remedial courses (Blair, 1943). Such a task would have been
cumbersome at the time, supposing that he used something similar to a type writer. The Educational
Resources Information Center (ERIC) was not established until 1965. One of their earliest publications
in 1968 was of a monograph by the American Association of Junior Colleges, which emphasized the
need for remedial programs at open enrollment institutions, and also discussed the implications of
various approaches. The document notes that, “…While almost all community colleges agree with the
open-door concept, only about half provide remedial instruction for low achievers. There is little
agreement on objectives of remedial programs or on the means to reach their objectives. Remedial
programs range in scope from single classes to complete programs…Research on the effectiveness of
remedial program is scarce and tends to be inconclusive (ERIC Clearinghouse for Junior Colleges;
American Associatio for Junior Colleges, 1968, p. 1).”
By the early 2000’s some of these trends began to change, and the focus shifted toward ideas
regarding consistency, effectiveness, and financial costs. Bain and Martinez (2014) note that, “Current
research and policy literature indicate an increase in remediation courses nationwide (Bain & Martinez,
2014, p. 1)” They then go on to say, “The most critical theme in research suggests variability and
possible inaccuracies in remedial developmental education data. In particular, there is little current
research surrounding the actual costs of remedial education (Bain & Martinez, 2014, p. 1).” While
concerns with the effectiveness of remedial programs are not new, the particular areas of focus have
changed over the course of time.
Concerns with Retention, Placement, and Valid Predictors
Within the past 20 years, researchers have found that developmental courses yield
disappointing results. Bahr in 2013 reported that 75% of students do not successfully complete their
developmental math course, while the 25% that do succeed experience similar outcomes to those who
did not originally need remediation. Scott-Clayton, Rodriguez, and Olga (2015) stated that half of all
college students will enroll in remedial coursework. Scott-Clayton et. al. found that remedial courses
did little to improve students’ skills. Additionally, they found that remedial courses did not harm
students’ persistence in completing a degree except in cases of potential misplacement (Scott-Clayton
& Rodriguez, Development, Discouragement, or Diversion? New Evidence on the Effects of College
Remediation Policy, 2015). An obvious question from this is, how common is misplacement?
Previously in 2014, Scott-Clayton, Crosta, and Belield found that 25% of students were severely
misplaced into their first math course, with under-placement being more common than overplacement (Scott-Clayton, Crosta, & Belfield, Improving the Targeting of Treatment: Evidence from
College Remediation, 2014). This implies that 25% of the time, the use of remedial courses diminishes
students’ motivation to finish their degree.
This is not to say that researchers have neglected to study methods of placement. In 2010,
Morrison and Schmit used a sample 275 students from an Iowa community college to evaluate ACT
and high school GPA as predictors of earning a “C” or higher in a gateway course. They claimed that
the logistic regression model fit the data well, but indicated that high school GPA had a stronger effect
7

than ACT (Morrison & Schmit, 2010). In a study by Belfield (2012), it was found that high school GPA
was better at predicting a student’s ability to earn a “C” or higher in their gateway math course than
the Accuplacer (Belfield, 2012). Ulmer, Means, Cawthon, and Kristensen (2016) reported that high
school GPA was a better predictor than the final letter grade of a previous remedial math course.
Despite several researchers concluding that high school GPA is a better predictor of success than the
Accuplacer, ACT, and letter grade from previous remedial math course, many institutions continue
placing greater emphasis on these alternative measures.
Politics and Legal Reform
In 2019, the U.S. national student loan debt grew to exceed $1.41 trillion (Kurt, 2019), with
61% of defaulted student loans being held by college dropouts (Tompor, 2015). This has garnered
attention from politicians and law makers who wish to formulate a response on how to handle loans
that will likely never be repaid and that are impossible to be absolved through bankruptcy. For
example, amid the 2020 election year, an onslaught of Democratic hopefuls, including Bernie Sanders,
Joe Biden, Elizabeth Warren, and Cory Booker, made radical proposals to federally fund all college
tuition and to completely forgive student loan debt (Minsky, 2019) (Berman, 2019) (Herndon, 2019)
(Madeleine, 2019). An important part of alleviating this burden is to lower education costs in general,
for which remedial courses account for approximately $400-500 million each year (Jimenez, 2018).
Many states have implemented laws to specifically address remedial courses. In 2015, the
State of Florida passed legislation making remedial courses optional, though this was actually to the
detriment of students, as pass rates in math and English subsequently declined (Smith, When You're
Not Ready, 2015). The State of Texas has decided to implement credit-bearing remediation, which is
accomplished by placing students into gateway courses that have additional supports for those who
are behind (Smith, Texas Requires Credit-Bearing Remediation, 2017). In Tennessee, community
colleges have been establishing math labs in local high schools. In one group of 200 students, 83%
successfully completed remedial, dual enrollment math courses as set forth by one community college
(Fain, 2013). The states are taking different approaches to improve deficits in remedial education and
are being met with varying results. Though, more time is needed to further study the consequences of
these differing policies (Scott-Clayton, Crosta, & Belfield, Improving the Targeting of Treatment:
Evidence from College Remediation, 2014).
In short, the studies and articles presented in this section provide an overview of trending
concerns surrounding remedial math programs.
(Bahr, 2013)

Test-Based Decisions
Society depends heavily on using tests to make decisions in virtually every industry and across
all ages of people. Often the validity of such tests remains unquestioned. The focus of this study, a
post-test administered to developmental math students at Shawnee State University, has not been
tested for internal consistency or predictive validity. This section discusses two landmark court cases,
one on-going case against the University of California, and how educators can use tests responsibly.
Court Rulings
As a matter of legal precedent, U.S. Courts have established that for a test to be nondiscriminatory (and thereby in compliance with Titles II, VI, and IX of the Civil Rights Act), it must
satisfy the following:
(1.)
Subgroups of students must exhibit similar score patterns
(2.)
The mean score must be consistent across subgroups of students
(3.)
Test results should correlate to relevant criterion measures (ERIC Digests, 1985)
This section reviews the details of three landmark cases pertaining to testing standards, followed by
an overview of the ethical implications.
In the case of Larry P. v. Riles (1978), a class-action lawsuit was filed on behalf of all black
students in California against the State for administering a discriminatory IQ test. The plaintiffs alleged
that using the Stanford-Binet Test and the Wechsler Intelligence Scale resulted in black children being
overrepresented in educable mentally retarded (EMR) classes from 1967-1977. The California
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Department of Education attributed the abnormally low-test scores of African-Americans to their lower
socio-economic status. The court rejected the arguments of the state and forbid the use of the test for
placement purposes (Foster, 1984). Judge Peckham stated that even if black children had a 50%
greater chance of being mentally retarded than white students, that the odds of this distribution
occurring would have been less than one-in-a-million; which clearly violates criterion 1 and 2 listed
above. Secondly, the State of California failed to demonstrate that they had considered the
educational health, development, and histories of the students prior to administering this exam.
Another important case is Debra P. v. Turlington (1979), where the State of Florida withheld
high school diplomas from students who could not pass a multiple-choice Functional Literacy and Math
Test. 8 black students filed suit, claiming that the test was discriminatory toward African-Americans.
Two-thirds of the students who failed the state-wide test were black. Students began taking the test in
10th grade, allowing them 2 years to try and pass. Further, this test was written at an 8th grade level.
The test should have been easy to pass with only moderate effort; however, the lingering effects of
racial segregation still raised concerns as to whether or not black students truly received the same
education as white students. During the trial, testimony from expert witnesses verified that the
schools were teaching what was on the test (essential to the third criterion above). This normally
would have absolved the school of any liability. Instead, the court mandated that the implementation
of the test be delayed until 1983 so that all students would have a chance to receive 12 years of
education in a racially integrated school (Joyce, 1983). Initially, this does not make sense, as racial
segregation was found to be unconstitutional in 1954 with Plessy v. Ferguson, though, this did not
actually cause schools to fully integrate (complete integration would imply equal education).
Subsequent to Plessy v. Ferguson, Green v. County School Board of New Kent County in 1968
required schools to take more affirmative action to achieve racial integration (Reardon & Owens,
2013). Since the courts acknowledged shortcomings in racial integration in 1968, it would not have
been reasonable to conclude that black students in 1979 received the same education as white
students in previous years.
Though much of the discussion surrounding Debra P. v. Turlington relates to racial biases
unduly influencing test results, it should also be noted that the due process clause of the fifth and
fourteenth amendment also played a significant role in this case. Though the nuances of the due
process clause are beyond the scope of this review, it effectually requires that students be provided
with sufficient advanced notice on the requirements of high-stakes tests (National Research Council,
1999).
Lastly, we consider the ongoing case of Kawika Smith v. Regents. The plaintiff demands that
the University of California stop using SAT and ACT scores to determine admission on the basis that
students who are Latino, of color, and/or from low-income families score disproportionately lower
students who do not belong to this category. As outlined in criterion 2, a test must exhibit similar
score patterns across all subgroups to be considered non-biased. If the plaintiff can demonstrate that
score patterns differ, then it is a possibility that California universities may no longer be permitted to
use SAT and ACT scores as a part of their admissions standards. Arguably, this may be for the best,
as other literature outlined in this review has suggested that high school GPA is a better predictor of
college success than ACT.
Ethical Implications
Larry P v. Riles established two important precedents. One, that educators have a
responsibility to verify that a test is not biased. Secondly, that the intent to discriminate is irrelevant
when considering if a test violates Titles II, VI, and XI of the Civil Rights act. There is little contention
that all subclasses of individuals deserve and are equally entitled to educational opportunities provided
by the state and federal government. Concerns arise when tests which are accidentally discriminatory,
even those designed by people with genuinely good intentions, can still present financial liabilities due
to the cost of litigation. In a survey across 21 groups of studies, one researcher found that the cost of
a criterion-related study ranged from $24,000 to $673,000, while content validity studies ranged from
$8,000 to $1,245,000 (these figures include staff time, overhead, travel, and miscellaneous costs)
(Outerbridge, 1979). These types of costs are prohibitively expensive for small school districts and
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community colleges. At this time, the only safe legal option provided to educators is to simply not use
a test to measure achievement due to the fear of accidental discrimination. Even thoroughly
developed exams such as the ACT and SAT have not been able to hold up to the unattainable standard
of 0% discrimination. There must be a better solution to this problem, a way to develop better tests,
right? To quote Dr.Frank Turek (Christian apologist), “It’s easy to smell a rotten egg, it’s hard to lay a
better one (Turek, 2019, 2hr 2min 14sec ).”
In addition to the present context in which a test is given (cultural, ethnic, societal, religious,
etc.), educators must also consider the historical influences through which students will interpret an
exam. This is illustrated in Debra P. v. Turlington. The State of Florida choose to implement a test that
was verifiably non-discriminatory. No on-going acts of racial discrimination were demonstrated. The
state even verified that the content taught by teachers corresponded with the underlying constructs of
the exam, but due to the previous acts of racial segregation within the school system some 10-12
years ago, the implementation of the new test requirement had to be delayed.
Along this same line of thought, students must be notified well in advance of the requirements
of any test used in a high-stakes decision. By extension, this standard should apply to any test which
comprises a material portion of a student’s grade. In Debra P. v. Turlington, a test was used to decide
who received a high school diploma. In Kawika Smith v. Regents, a test was to decide who was
admitted to college. In Larry P. v. Riles, a test was used to decide how content was delivered to
certain students. By placing students that did not have mental disabilities in a special-education
classroom, this took resources away from other students with legitimate needs. In this study, a posttest administered to developmental math students at Shawnee State University is being used to
determine 20% of a student’s final letter grade, which significantly impacts a student’s ability to attain
the necessary credit to enroll in a gateway math course. All of these cases illustrate that when
educators implement a significantly weighted test without proper validation, that this effectively
results in the arbitrary denial of certain rights and benefits.
Best Practices
Educators have a lot to consider when designing and implementing a test. The following
summarizes key takeaways introduced in this section:
1.) A test must be designed to account for the current and past social events that may have
impacted a student’s educational experience.
2.) Students must be provided with sufficient advanced notice of the requirements of an exam if it
is to be used in a high-stakes decision.
3.) Tests should be examined for internal consistency to verify that the test is measuring what is
being taught in class.
4.) Tests require on-going evaluation to ensure that they exhibit similar distributions of scores
across all subgroups.
As courts expand upon previous rulings and the standards of validity are adjusted, researchers
must focus on finding ways to reduce the cost of content-validity studies for the sake of students and
educators.
Test Design and Construction
Tests can be broadly classified as standardized or teacher-made. The process of standardizing
a test is long, expensive, and well-established. On the other hand, teacher-made tests often have
inconsistent levels of validity and reliability (Salking, 2018, p. 229). This section reviews literary
findings on teacher-made tests, as the focus of this study involves the use of a teacher-made test to
determine which developmental math students will be permitted to enroll in a gateway math course.
Simsek (2016) conducted a study comparing mistakes in test development across 120
instructors (62 teachers and 58 trainers) and 6450 test items. The comparisons were made by a panel
of three instructional designers with experience in test design, one of them being the researcher. The
questions covered a plethora of subject-matters, making this study particularly useful to educators of
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various backgrounds. 95% of the test items were based a student’s ability to recall and recognize
prior facts. While an ability to recall information is necessary in some circumstances, this does not
measure students’ ability to process information and knowledge construction. Many other issues found
among the tests related to implausible/illogical distractors, and hints or cues, which allowed students
to answer questions correctly despite not actually knowing the material. 22% of questions were found
to be subjective or judgmental, but not allow for any sort of extended response or justification from
the student. Another issue not commonly considered, but found to be quite common, is that 25% of
items used the same letter option several times. This is believed to have caused students to second
guess themselves and change answers to questions that would have otherwise been left alone.
Overall, approximately 60% of test-items were found to violate basic principles of educational
measurement and evaluation (Simsek, 2016). The frequency of these fundamental mistakes suggest
that educators do not receive sufficient training for the purposes of constructing valid and reliable
tests.
In another study in 1998, 102 junior and senior high school teachers were presented with one
of three scenarios that were intended to describe classrooms containing only students of low-ability,
only students with high-ability, and a case where students had mixed ability. The teachers were then
asked how they would assign and structure test items, along with how difficult they would make the
test items (Fleming, Green, Ross, & Tollefson, 1998). Teachers who read scenarios involving highability students indicated that they would provide less questions that depended upon the ability to
recall information in favor of essay and extended response items. Teachers who read the other two
scenarios favored supplying more recognition items and requiring significantly more memorization.
Presumably, teachers have formed these opinions based on their interactions with students. Could it
be that terms such as high- and low- ability do not serve as accurate distinctions? Educations may
wish to consider that students tend to fall into two broad categories of learning. That is, some
students thrive in situations where large amounts of recall and attention to minute detail are
necessary, whereas other students favor resourcefulness. Perhaps when a resourceful student is
placed in a situation requiring memorization, or a student favoring memorization is required to be
resourceful, that this prevents a student from demonstrating how they understand the information.
Similar trends regarding the lack of extended item responses were found in a previous study
in 1988. 175 teacher-made tests were collected and tested for item cognitive functioning levels and
construction errors. There were 6504 test items total. Teachers wrote most of their own test items
and mainly used multiple-choice, matching, and short response items. 72% of the test items were
classified at the knowledge level, 11% comprehension, 15% application, 1% analysis level, and less
than 1% of test items required students to synthesize and evaluate information. Nearly all of the test
items at the cognitive level were only found on science and mathematics exams. Construction errors
were most common in matching items, and the least common in interpretive items. Though, when
construction errors were present on interpretive items, the issue was always the lack of an objective
response format. Overall, the most common type of error was that the response and answer
expectations were not clearly stated. Teachers rarely conducted any sort of post-hoc analysis on
student responses. The lack of test items requiring high levels of cognition is attributed to teachers
not having enough training and/or time to develop well-constructed tests. Time constraints are also
likely to prevent teachers from conducting post-hoc analysis (Pigge & Marso, 1988).
These studies indicate that the predominant issue among teacher-made tests actually relates
to the over use of test items requiring recall and memorization, and the underutilization of test items
requiring interpretation and analysis. Teachers are commonly found to need further training in test
design.
Consistency and Predictive Validity in Test Design
The purpose of this section is to further expand upon the ideas of internal consistency,
predictive validity, their roles in test design, and how they relate to the previously outlined literature.
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Consistency
Internal consistency reliability refers to the underlying constructs of an exam. In this study, a
post-test is given to developmental math students at Shawnee State University. Suppose, for
example, that the algebra questions on this test involve relatively straightforward questions such as,
“Given f(x)=2x+1, find f-1(x),” or “State the horizontal intercepts for f(x)=x2+2x+1.” Now suppose
that questions relating to probability are presented mainly in paragraph form, for example, “An urn
has 3 black balls, 2 red balls, and 1 white ball. Suppose one ball at a time is drawn from the urn and
then placed back inside. Calculate the probability of drawing a white ball, then a red ball, and then a
blue ball.” One may expect a statistical relationship to exist among a student’s responses to these
questions, as they all relate to math. This may not be the case, as the probability question requires
more reading and interpretation, whereas the algebra questions require an ability to recall facts and
work directly with mathematical notation. It is important to examine the internal consistency of a test
to ensure that none of the underlying constructs are causing the test to deviate from the intended
criterion.
A test that deviates from the intended criterion would not serve as an accurate assessment of
how much material students learned while in class. A lack of internal consistency could explain the
dismal results being observed among developmental math students and college students as a whole.
The topic of principal component analysis on teacher-made has received little attention in published
research, likely due to the lack of generalizability. Such studies would still be beneficial to researchers,
though, as this would provide insight regarding common issues in test-development.
Predictive Validity
Construct validity describes the ability of a test represent the intended information (Furr &
Bacharach, 2014). Society often uses tests to obtain information in order to make decisions. Predictive
validity more specifically refers to the whether or not the information provided in the test result allows
a correct decision to be made. Unfortunately, there is no way to be certain of predictive validity until
after a decision has been made and the subsequent events play out. A post-test given to remedial
math students at Shawnee State University is being used to determine if students should be allowed
to enroll in a gateway math course. It is important that quantify the level of validity that this test has.
If the test lacks validity then a new test will be designed. If the test is valid, then there may be other
areas worth exploring at this institution.
Similar to consistency, there is not much discussion regarding trends in the levels of validity
shown by teacher-made test. Interestingly enough though, this does surface in a roundabout way. As
outlined in previous literature contained in this review, studies have shown that high school GPA tends
to be a better predictor of college GPA than the ACT or Accuplacer (Morrison & Schmit, 2010) (Ulmer,
Means, Cawthon, & Kristensen, 2016). High school GPA is primarily determined by teacher-made tests
and assessments. If teacher-made tests are so inconsistent, then why does high school GPA serve as
a better predictor of college GPA? One possible explanation is that high school GPA is actually
measuring a students’ ability to conform to individual standards. In a college setting, this can be a
valuable skill, as courses can vary significantly depending on who the instructor is and what content
they prefer to focus on.
One concise way to relate consistency and validity to one another is to consider that, “If a test
is unreliable, it cannot be valid. For a test to be valid, it must be reliable. However, just because a test
is reliable does not mean it will be valid. Reliability is necessary but not sufficient for content validity
(Test Construction: Introduction and Overview, n.d.).”
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Chapter Three – Methodology
This study seeks to examine a post-test administered to developmental math students at
Shawnee State University for internal consistency and predictive validity. 348 students completed a
one of five versions a post-test at the end of MATH0101. The version completed was dependent on the
semester. The tests consisted of either 33-question multiple choice test with options A-D, or 31
multiple-choice questions accompanied by four short-answer responses. All test versions were
completed on pencil and paper. To enhance the comparable validity of the test versions, dissimilar
items were removed by the Director of Developmental Mathematics and the Director of the Graduate
Program in Mathematics. The test-items retained for this study were hypothesized to evaluate a
student’s knowledge of certain topics and were placed into the following disjoint categories: geometry,
probability, linear equations, evaluating equations (simple substitution/simplification), graphing,
properties of exponents, properties of radicals, and the addition/subtraction of polynomials.
Principal component analysis will be used to determine the underlying constructs of the exam.
The principal axes will be compared against the intended components and the results discussed.
Multiple logistic regression techniques will be utilized to determine if the post-test reliably
predicts if a developmental math student will earn a final letter grade of “C” or higher in their gateway
math course. Initially, the number of questions answered correctly will be used for the prediction.
Then, the questions will be divided into their principal components for making this prediction. Lastly,
both of these cases will be repeated with age, race, math ACT score, and cumulative high school GPA
serving as covariates.
This chapter presents the research design and methodology that will be applied.
Setting and Participants
The sample consists of 348 remedial math students at Shawnee State University, located in
Portsmouth, Ohio. Students needed to satisfy two requirements to be included in the initial sample
collection:
1.) The student was enrolled in a MATH0101 (Basic Algebra with Geometry Application) during
or after the Spring Semester of 2017, but not on or after the Spring Semester of 2020
(this is the scope of the study).
2.) The student’s completed post-test from MATH0101 was retained by university staff.
Students enrolled in MATH0101 generally have a good background in arithmetic, but little or
no background in algebra and geometry. The campus typically has less than 4,000 students enrolled
in a given semester and operates in an underserved area with many commuters. The surrounding
region is classified as Appalachian. While the financial background of each subject is unknown, many
residents within the county are of low socio-economic status (relative to other counties in Ohio) and
struggle with prevailing issues such as opioid abuse and sex-trafficking (Bezrutczyk, 2019).
This researcher then removed subjects that either did not go on to enroll in a gateway math
course during the scope of the study, withdrew from all gateway math courses they enrolled in during
the scope of the study, or that completed their gateway math course(s) during the COVID-19
pandemic. Other anomalies in the data were also addressed (see Procedures section for more
information).
Required Sample Size for Principal Component Analysis
Calculating the required sample size for principal component analysis is very complex and best
considered post-hoc. This section briefly summarizes important findings. Further reading is
encouraged. Nathan Zaho, a PhD researcher at Stanford University, composed an excellent article
documenting these findings in greater detail than is within the scope of this thesis (Zaho, n.d.).
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A number of simulation studies show that for principal component analysis, most methods of a
priori analysis are not reliable for predicting the required sample size. Winter(et.al) (2009) reported
that while fifty is traditionally regarded as the absolute minimum for exploratory factor analysis (a
process statistical method similar to principal component analysis), well-conditioned data can yield
reliable results well below 50 (Winter, Dodou, & Wieringa, 2009). Mundfrom (et.al.) (2005) conducted
a simulation study examining the minimum sample size requirements for 180 different populations.
Their findings suggest that minimum required sample size decreases as the variable-to-factor ratio
and degree of communality increase (Mundfrom, Shaw, & Tian, 2005). In a Monte Carlo study by
Preacher and MacCallum (2002), it was demonstrated that studies characterized by low sample sizes
can recover the population factor structures so long as communality is high, model error is low, and
few factors are retained (Preacher & MacCallum, 2002). MacCallum, Widaman, Zhang, and Hong
(1999) report that obtaining six to seven indicators for a relatively small number of variables is to be
considered an overdetermination (MacCallum, Widaman, & Zhang, 1999). T.W Anderson and Rubin
(1956) report that factors with less than 3 indicators are generally unstable (Anderson & Rubin,
1956).
These findings will be considered alongside Cronbach’s Alpha when assessing the reliability of
the model.
Required Sample Size for Logistic Regression
Many researchers calculate the required sample size by using ten events per variable.
Supposing that one was to utilize this method, it could be reasonably expected that a required sample
size of 50 or 70-80 would be necessary, then the first case of logistic regression would require a
sample size between 70 and 80 (depending on the number of principal axes). Smeden et al. (2016)
have argued that this idea lacks theoretical support (Smeden, et al., 2016). Bujang, Sa’at, Sidki, &
Joo (2018) introduced an improved version of this rule based on several observational studies,
proposing that the required sample size, n, be calculated by 𝑛𝑛 = 100 + 50𝑖𝑖, where i denotes the number
of dependent variables (Bujang, Sa'at, Sidik, & Joo, 2018). By this measurement, conducting logistic
regression with the principal axes would likely require a minimum of 350 subjects, or between 450
and 550 subjects.
Based on the number of subjects retained for this analysis, 171, it could be argued that the
sample size is too small. This concern will be revisited after carrying out the logistic regression.
Instrumentation
A post-test was completed on pencil and paper by 348 remedial math students enrolled in
various sections of MATH0101. Students in this sample completed their post-test in different terms.
Not all terms used the same post-test. Five different post-tests were utilized, referred to as versions
A, B, C, D, and E. Table 1 shows corresponding terms and test versions. Table 2 summarizes the
number and format of questions presented on each test-version.
Academic Term and Test Version
Spring 2017
C
Summer 2017
C, D, E
Fall 2017
A
Summer 2018
C, D, E
Fall 2018
A, B
Spring 2019
A, B
Summer 2019
A, B
Fall 2019
A, B
Table 1
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Test Format by Version

Test Version

Number of
Questions

A

33

All multiple choice with options A-D

B

33

All multiple choice with options A-D

C

35

D

35

E

33

Description

Questions 1-31 are multiple choice with options
A-D, Questions 32-35 are short-answer
response
Questions 1-31 are multiple choice with options
A-D, Questions 32-35 are short-answer
response
All multiple choice with options A-D
Table 2

Students were allowed a maximum of 2hrs to complete their exam. Students were also
provided with a modified version of the Wisconsin Mathematics Formula Reference Sheet (see
Appendix A)
All test versions were written by Shawnee State University’s Director of Developmental
Mathematics. The tests were written to compliment the course description developed by the
university, included below:
“This is a course for students with a good background in arithmetic, but little or no
background in algebra and geometry. Topics include linear expressions and
equations in numeric, graphic, and symbolic form; solving linear equations and
inequalities; linear models; operations with exponents; scientific notation; roots,
radicals, and fractional exponents; radical equations; polynomial expressions
(Shawnee State University, 2019).”
Test versions A and B are the most recent versions of the post-test. They contain all identical
questions but in varying order and with different numbers to deter cheating. Additionally, these tests
were designed to better align with the stated course objectives (see Appendix B) and presented
problems analogous to those found on supplemental instruction sheets completed by students
throughout the term. Test versions C, D, and E were written at an earlier time based on instructor
feedback.
Comparable validity is an obvious concern when using different tests in an attempt to capture
the same measurement. To enhance the comparable validity, dissimilar questions were removed from
certain test versions where appropriate. After elimination, 18 questions remained that were analogous
across all five tests. Only these 18 questions are used for the purposes of this study. The retained
questions have been re-numbered for conciseness. Table 3 shows the intended components for the
retained questions. Table 4 shows an example of each question.
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Test-Item Topics
Intended Component
Test-Items
Geometry
1,2,3
Probability
4
Linear Equations
5,6,7,9
Evaluating Equations (simple
8,13
substitution/simplification)
Graphing
10
Properties of Exponents
11,12
Properties of Radicals
17,18
Addition/Subtraction of
14,15,16
Polynomials
Table 3

Test-Item Examples
Test-Item
(Intended Component)

Example

Find the perimeter of the figure.

1
(Geometry)

Find the area of the geometric figure.

2
(Geometry)

3
(Geometry)

4
(Probability)
5
(Linear Equations)
6
(Linear Equations)
7
(Linear Equations)

Find the area of the skating rink. If
necessary, use 𝜋𝜋 ≈ 3.14 and round your
result to the nearest tenth.

A bag consists of 2 red marbles, 8 blue
marbles, 5 yellow marbles, and 2 green
marbles. What is the probability of
choosing a red marble when one marble
is drawn?
Solve the equation. 0.5𝑥𝑥 + 0.1 = −0.4
Solve the equation. 5(𝑦𝑦 + 5) = 6(𝑦𝑦 − 7)

The code to unlock a safety deposit box
is three consecutive integers whose sum
is 69. Find the integers.
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5

8
(Evaluating Equations)

Use the formula 𝐶𝐶 = (𝐹𝐹 − 32) to write
9

9
(Linear Equations)

10
(Graphing)
11
(Properties of Exponents)
12
(Properties of Exponents)
13
(Evaluating Equations)
14
(Addition/Subtraction of Polynomials)
15
(Addition/Subtraction of Polynomials)
16
(Addition/Subtraction of Polynomials)
17
(Properties of Radicals)
18
(Properties of Radicals)

86°F as degrees Celsius.
You inherit $10,000 with the stipulation
that for the first year the money must be
invested in two stocks paying 6% and
11% annual interest, respectively. How
much should be invested at each rate if
the total interest earned for the year is
to be $800?
Find the slope of the line that passes
through the given points.
(-4,5) and (17,10)
Write the number in scientific notation.
0.000419
Use the product rule to simplify the
expression. Write the result using
exponents.
(−9𝑝𝑝5 )(−4𝑝𝑝7 )
2
If 𝑄𝑄(𝑥𝑥) = 2𝑥𝑥 + 2𝑥𝑥 − 1, find 𝑄𝑄(−3).

Perform the indicated operation.
(3𝑥𝑥 2 − 8𝑥𝑥 + 5) − (𝑥𝑥 2 − 5𝑥𝑥 + 2) + (4𝑥𝑥 2 + 5)
Multiply.
(2𝑥𝑥 − 11)(𝑥𝑥 + 11)
Multiply.
(3𝑎𝑎 − 7)2
Find the cube root.
3
�−64𝑥𝑥 6
Solve.
√5𝑥𝑥 − 1 + 4 = 0
Table 4

More information on the elimination is included in the procedure section. Prior to this study,
none of these tests have undergone any form of statistical analysis, including that of predictive validity
or internal consistency.
Procedure
348 developmental math students at Shawnee State University who were enrolled in various
sections of MATH0101 completed a post-test on pencil and paper during the terms of Spring 2017,
Summer 2017, Fall 2017, Summer 2018, Fall 2018, Spring 2019, Summer 2019, and Fall 2019.
Depending on what version of post-test was completed, students answered either 33 multiple choice
questions with options A through D, or 31 multiple choice questions with 4 short-answer responses.
The completed post-tests were then retained by Shawnee State University’s Director of Developmental
Mathematics.
During the Spring term of 2020, the Director of Developmental Mathematics and Director of
Graduate Studies in Mathematics compared each version of the test, and removed any dissimilar
questions. This was done to make the different test versions more comparable. All test versions were
compared against version A. 18 test-item responses were retained after elimination.
Staff and faculty members of the university entered the 18 test-item responses for each
student into a spreadsheet, encoding them as “1” for correct and “0” for incorrect. Also collected were
the student’s name, age, race, gender, cumulative high school GPA (or GED status), math ACT score,
final letter grade in their first developmental math course, final letter grade in their second
developmental math course, final letter grade in their first gateway math course, final letter grade in
second gateway math course (if applicable), and the terms in which the specified courses were
completed. The data was cleansed of all personal identifiers and then provided to this researcher.
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Upon receipt of the data set by this researcher, the 18 test-items were uniformly renumbered
for conciseness. Table 4 in the Instrumentation section of this chapter shows examples of the testitems under the revised numbering. This allows for the retained test-items to be traced back to the
original exams, if necessary.
From the initial sample of 348 students, 11 students were excluded that withdrew from all of
their gateway math courses. 128 students were excluded that did not enroll in a gateway math course
from Spring 2017 to Spring 2020. 38 students were removed who completed their first gateway math
course during the Spring Semester of 2020, since these courses were converted from in-person to
online on March 23rd, 2020 as a result of the COVID-19 pandemic. In total, 177 students were
removed from the initial sample, with a remaining sample size of 171.
Other anomalies existed in this data which needed to be addressed. They are included as
bulleted points below:
•

•

•

•

19 students had a missing ACT math score or high school GPA; students belonging to
this category either did not take the ACT, earned a GED as opposed to a high school
diploma, or simply did not have this information on file with university. Rather than
excluding these students from the sample, these particular data points were omitted
during logistic regression.
For students who completed more than one gateway math course, where one was
completed during Spring of 2020 but the other courses were completed during a prior
term, only the information pertinent to the Spring 2020 term was removed.
Certain developmental math courses and gateway math courses were completed as
co-requisites with combined lectures. These types of courses were able to receive two
separate letter grades, and relied up the use of just-in-time remediation. These
courses were treated the same as the traditional format (i.e. completing MATH0102 in
one semester, then completing MATH1200 in a subsequent semester). The
developmental component was treated as its own developmental course and the
gateway component was treated as its own gateway course.
For students who enrolled in a gateway math course, withdrew, then sub-sequentially
enrolled in another gateway math course, the data for the course they withdrew from
was removed from the data set.

Permission to conduct this study has been granted by Shawnee State University’s IRB
Chairman. The IRB has classified this study as exempt from a full IRB review. Additionally, this
researcher has completed NIH Training (see appendix C). The confidentiality of recovered data will be
maintained at all times and identification of participants will not be available during or after this study.
Data Processing and Analysis

The purpose of the study is to examine a post-test administered to 348 remedial math students
for internal consistency and predictive validity.
Principal Component Analysis
To evaluate the internal consistency, principal component analysis will be utilized to examine
which questions load together. The data to be used for PCA consists of 18 exam questions across 171
students which have been encoded as “1” for correct and “0” for incorrect. The sample will be
compared against the underlying assumptions of PCA before testing. The assumptions are:
1.)
2.)
3.)
4.)
5.)

Dependent variables are ordinal or continuous in nature (preferably continuous)
All dependent variables are linearly related (requirement relaxed for ordinal variables)
Adequate sample size
The sample is suitable for data reduction as measured by Bartlett’s Test of Sphericity
No significant outliers

(Lund Research Ltd, 2018)

18

After testing the assumptions, XLSTAT 2014 will be used to obtain the covariance matrix, to
calculate the eigen values, and to calculate the percentage of variance accounted for by each
question. Any notable findings will be discussed. Then, the eigen values and the plot of the eigen
values will be considered for determining an appropriate number of dimensions to be used in
dimension reduction. Dimension reduction will be with the varimax rotation in R (v. 3.5.2). There is no
strong argument for using varimax rotation over an oblique rotation, as research has shown that
among truly correlated measurements, both types of rotation produce similar results (Fabrigar,
Wegener, MacCallum, & Strahan, 1999). The principal axes that emerge will be compared with the
intended principal axes of the test writer. Suggested names will be assigned to the principal axes and
any notable findings discussed.
Multiple Logistic Regression
Multiple logistic regression techniques will be implemented to determine if a student’s posttest score is predictive of success in their gateway math course, as defined by earning a final letter
grade of “C” or higher. The data to be used for logistic regression consists of the number of correctly
answered test-items, number of correctly answered test-items by principal component analysis, high
school GPA, math ACT score, age, and race across 171 subjects. The data to be used for multiple
logistic regression will be compared against the underlying assumptions of multinomial logistic
regression.
After checking the assumptions, R will be used to construct the relevant logistic regression
models. A table of parameter estimates will be generated to see which coefficients are statistically
significant (Lund Research Ltd, 2018).
Justification of Procedure
Justification will be provided for the methods of data processing and analysis that were
outlined in the previous section. First, the tests are shown to be appropriate for this study. Then, it is
shown that similar methods have been implemented in related studies.
Principal Component Analysis
Principal component analysis (PCA) and factor analysis are two methods of statistical analysis
that are often are used synonymously. While select studies may allow for these methods to be used
interchangeably, both have different underlying assumptions. To begin this brief contrast, note that
factor analysis assumes there are two types of variance, common and unique. Common variance is
variance shared among highly correlated items. Unique variance is comprised of (1) variance that is
specific to an individual item (specific variance) and (2) variance caused by error in the measurement
or that is unexplainable (error variance). PCA assumes that there is no unique variance. The practical
implication of this can be easily summarized. Factor analysis treats test-item responses as dependent
upon an underlying construct that cannot be ordinarily measured. Suppose a medical doctor needs to
assess a patient’s level of anxiety, the GAD7 is an exam verified to measure this by having patients
respond to a series of statements using a Likert scale (since the exam only measures one thing, it is
said to be one-dimensional, which raises concerns for some researchers). The patient’s anxiety level
can be inferred by the test score. PCA assumes that the certain groups of test-item responses are
linearly related, and that the grouping of these responses ultimately shows the underlying constructs
that are implicitly measured by a test score. As opposed to measuring a specified construct via testitems, as factor analysis does, PCA uses test-items to determine the underlying constructs of a
particular measurement. The focus of this study is a post-test exam. Clearly, the culmination of these
test-items results in an overall score. The underlying constructs that this post-test implicitly measures
are unknown and of great important for determining if the test measures the extent to which students
have satisfied the course objectives (UCLA Institute for Digital Research & Education: Statistical
Counseling, 2020). Consider the following studies which utilize principal component analysis.
In 2019 a 61-item food frequency questionnaire was administered to 673 Lebanese adult
males. The study sought to look for a correlation between diet and elevated blood pressure. It is
generally agreed that diet can affect blood pressure, so it makes sense to say that a person’s blood
pressure is the result of their overall food intake. A principal component analysis revealed three main
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dietary patterns: Western, Traditional Lebanese, and Fish and Alcohol. Logistic regression was then
used to predict a person’s risk for high blood pressure. The study found that subjects with a Western
and Lebanese diet were at higher risk for elevated blood pressure (Naja, Itani, Hwalla, Sibai, &
Kharroubi, 2019).
Another dietary study conducted in 2020 focused on correlations between diet, gender, and
mental distress in human adults. The data was gathered using a combination of modern data mining
methods on social media platforms and the distribution of a validated Food-Mood Questionnaire
(FMQ). Three primary food groups arose from a principal component analysis, Western,
Mediterranean, and Eastern/Asian. This study also applied confirmatory factor analysis to other
aspects of the FMQ regarding mental distress. Overall, the principal component analysis was able to
explain 51.22% of the variance in the study, with the first principal component accounting for 17% of
the variance. This component was described as “Fast Food and Mental Distress Pattern.” (Begdache,
Kianmehr, Sabounchi, Chaar, & Marhaba, 2020)
As observed in these studies, researchers first established the internal consistency for their
measurement before investigating predictive validity. After all, if a test does not consistently capture
the same measure, then how can it possibly be used to make consistent decisions?
Logistic Regression
Logistic regression is a common statistical method used when trying to predict a variable that
is nominal in nature. The predictor variables can be a mixture of nominal and quantitative variables so
long as the observations are independent and there is minimal multi-collinearity. For the predictors
used in this study, there is no reason to believe that this assumption has been violated. Additional
screening will be conducted during the study and any concerns regarding independence will be
outlined in the relevant limitations section.
In 2017, a group of researchers used logistic regression techniques to test the ability of the
Lawson’s Classroom Test of Scientific Reasoning and Math ACT score to determine student success in
a university’s introductory biology course. The study found that both of these variables were effective
predictors and useful in decision making (Thompson, Bowling, & Markle).
Another study conducted in 2014 utilized logistic regression techniques to predict if high
school students were likely to consume alcohol in the Phayao Province of Thailand. The predictors
used in this study were gender, age, GPA, perception of whether or not the students given enough of
an allowance, first age of drinking, whether or not their peers drank, whether or not the father drank,
whether or not the mother drank, and alcohol knowledge (based on a test score). This study shows a
good mixture of continuous and nominal variables being used in logistic regression to predict a
variable with a binary outcome, that is, a high school student either will or will not consume alcohol
(Hongthong & Areesantichai, 2014).
Multiple logistic regression incorporating a mix of continuous and nominal has been utilized in
countless numbers of studies. The appropriateness and theoretical support of logistic regression is
well-known.
Summary
This study seeks to examine a post-test administered to remedial math students at Shawnee
State University for internal consistency and predictive validity. An initial sample size of 348 was
collected. 171 subjects remained after eliminating those that did not enroll in a gateway math course,
had missing data, or that completed their gateway math course during the COVID-19 pandemic.
Principal component analysis will be utilized to determine the underlying constructs of the exam. Then,
logistic regression techniques will be used to determine if the post-test can predict whether a student
will earn a final letter grade of “C” or higher in their gateway math course. The logistic regression will
control for age, race, math ACT score, and cumulative high school GPA. The sample size is below the
required amount, however, there is still sufficient theoretical support for the use of principal
component analysis and logistic regression in this context. The results of this study can be used to
provide guidance to instructors of MATH0101 at Shawnee State University. More broadly, there are
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limited numbers of studies which focus on the internal consistency and predictive validity of teachermade tests. This data can be used to analyze trends among teacher made tests in institutions of
higher education in the United States.
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Chapter Four - Results
Introduction
This chapter presents the results of principal component analysis and logistic regression
techniques. The study examined a sample of remedial math students at Shawnee State University that
completed one of five post-test exams, dependent upon the term they enrolled in MATH0101. To
enhance comparable validity, test-items that were not analogous across all test versions were
removed. Principal component analysis was used to evaluate the internal consistency of 18 test-items.
Following principal component analysis, the number of correctly answered test-items were fitted to a
logistic regression model to determine if these variables could predict whether a student would earn a
final letter grade of “C” or higher in their gateway math course. A logistic regression model was also
calculated that considered questions by component (i.e. the components obtained from PCA). High
school GPA, math ACT score, age, and race were used as covariates.
These statistical methods were implemented to address three primary researcher questions.
They are as follows:
1.) After conducting principal component analysis, do the emerging components correspond
with a factor structure that aligns with the learning objectives and goals?
2.) Does the cumulative post-test score and/or principal component sub-scores predict
success in a student’s gateway math course?
3.) When controlling for math ACT score, high school GPA, age, and race does the cumulative
post-test score or any of its sub-scores accurately predict a remedial math student’s ability
to earn a letter grade of “C” or higher in their first college-level math course?
Data Cleaning

The initial sample size consisted of 348 students. 11 students were excluded from the sample
because they withdrew from their gateway math courses. One hundred twenty-eight students were
excluded that did not enroll in a gateway math course from Spring 2017 to Spring 2020. Thirty-eight
students were removed who completed their first gateway math course during the Spring Semester of
2020, as these courses were converted from in-person to online as a result of the COVID-19
pandemic. In total, 177 students were removed from the initial sample, with a remaining sample size
of 171.
Other anomalies existed in this data set which needed to be addressed. They are included as
bulleted points below:
•

•
•

•

19 students had a missing ACT math score or high school GPA; students belonging to
this category either did not take the ACT, earned a GED as opposed to a high school
diploma, or simply did not have this information on file with university. Rather than
excluding these students from the sample, these particular data points were omitted
when calculating logistic regression models that included these variables.
7 students were of an unknown race. These subjects remained in their own category
during logistic regression.
For students who completed more than one gateway math course, where one was
completed during spring of 2020 but the other courses were completed during a prior
term, only the information pertinent to the spring 2020 term was removed.
Certain developmental math courses and gateway math courses were completed as
co-requisites with combined lectures. These types of courses were able to receive two
separate letter grades, and relied up the use of just-in-time remediation. These
courses were treated the same as the traditional format (i.e. completing MATH0102 in
one semester, then completing MATH1200 in a subsequent semester). The
developmental component was treated as its own developmental course and the
gateway component was treated as its own gateway course.
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•

For students who enrolled in a gateway math course, withdrew, then sub-sequentially
enrolled in another gateway math course, the data for the course they withdrew from
was removed from the data set.

For all subsequent sections of this chapter, only the subjects retained after cleansing the data
are included.
Study Participants
The sample data consisted of N=93 (54.4%) females and N=78 (45.6%) males. The racial
demographic is as follows: 128 Whites (74.9%), 29 African-Americans (17.0%), 1 Hispanic (0.6%), 1
Alaskan (0.6%), 1 Asian (0.6%), 4 of two or more races (2.3%), 7 were unknown (4.1%). The
average date of birth was 9/7/1997, with the average age at the start of their enrollment in
MATH0101 being 20. For the US national population, 76.3% are white, 13.4% are African-American,
18.5% are Hispanic, 5.9% are Asian, 2.8% are of two or more races, and 1.3% are American Indian /
Alaska Native (U.S. Department of Commerce, 2019). It appears that this sample is proportionately
representative of the White and African-American population, while under-representative of Asian,
Alaskan, and Hispanic populations.
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Descriptives for Quantitative Variables
Sample standard
IQR
𝑋𝑋
deviation
Age
22.37
5.37
2.00
ACT Math Score 15.51
1.61
1.00
HSGPA
2.78
0.60
0.78
Principal Component Analysis

This section discusses how the data set conformed to the underlying assumptions of principal
component analysis. The results of the analysis are discussed.
Testing Assumptions
Assumption 1: Dependent variables are ordinal or continuous in nature.
There are 18 dependent variables, which are analogous test-items preserved from different
versions of a post-test completed by developmental math students at Shawnee State University. The
test-item responses are encoded as “1” for correct or “0” for incorrect. These dependent variables are
inherently ordinal since a student scores 1 point for each correct answer and 0 points for each wrong
answer.
Assumption 2: All dependent variables are linearly related (requirement relaxed for ordinal
variables).
It cannot be determined if the dependent variables are linearly related. The responses are
binary in nature, making it impossible for a linear relationship to exist. This requirement is said to be
relaxed for ordinal variables, so the violation of this assumption is of little concern.
Assumption 3: Adequate sample size.
Based on the works referenced in the methodology section, there is no generalized standard
for principal component analysis that is theoretically sound. The most important determinants of the
required sample size for PCA are said to be the variable-to-factor ratio and homogeneity of the sample
(Mundfrom, Shaw, & Tian, 2005) (Preacher & MacCallum, 2002). A three-factor model was ultimately
found to be the best model, which provides a variable-to-factor ratio of 18:3.
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Samples displaying higher levels of homogeneity tend to require fewer subjects (Mundfrom,
Shaw, & Tian, 2005) (Preacher & MacCallum, 2002). The homogeneity of the remedial math students
at Shawnee State University appears to be fairly strong. Students were placed into courses which use
this post-test based on a variety of factors such as Math ACT score and cumulative high school GPA.
From this, it can be inferred that they are relatively similar in their level of knowledge and ability to
learn. Another important factor that would have been worth considering for this study is grit, or time
spent on task, as this has been shown to positively impact a student’s academic performance. Such
data was not gathered for this study. Considering that the sample has a high variable-to-factor ratio
and is fairly homogenous, the sample size is deemed sufficient.
Assumption 4: The sample is suitable for data reduction as measured by Bartlett’s test of
Sphericity.

Using Bartlett’s Test of Sphericity, a chi-square was conducted to determine if there was a
sufficient correlation in the data set for principal component analysis. X2(153,171) = 353.15, p<.001. It is
concluded that the data is sufficiently correlated for principal component analysis (PCA).
Assumption 5: No Significant outliers.

The data set consists of test-items encoded as “1” for correct or “0” for incorrect. No outliers exist.
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PCA Results
Correlation Matrix

Variables
Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8
Q9
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Q17
Q18

Q1
1
0.2145
0.0813
0.0011
0.1703
0.0448
0.0584
0.0275
0.0005
-0.006
0.0776
-0.0314
0
-0.1206
0.1219
-0.072
0.186
0.0693

Q2
0.2145
1
0.073
0.356
0.0776
0.1998
0.1535
0.1598
0.0203
0.2016
0.1041
0.0229
0.128
0.2765
0.3359
0.178
0.1408
0.0939

Q3
0.0813
0.073
1
0.0042
0.085
0.075
0.0888
0.1057
0.0925
0.0723
0.0169
-0.0459
0.1085
0.0532
0.0874
0.0562
0.176
0.0349

Q4
0.0011
0.356
0.0042
1
0.1377
0.0718
0.1155
0.1508
0.1727
0.102
0.0372
0.043
0.0602
0.213
0.1462
0.1205
-0.0121
-0.1435

Q5
0.1703
0.0776
0.085
0.1377
1
0.1706
0.0808
0.1173
0.2187
0.1165
0.0959
0.1213
0.1213
0.0685
0.2097
0.0891
0.0584
0.0797

Q6
0.0448
0.1998
0.075
0.0718
0.1706
1
0.0949
0.1542
-0.0162
0.1585
0.0765
0.0684
0.1075
0.2151
0.4478
0.1721
0.1005
-0.0172

Q7
0.0584
0.1535
0.0888
0.1155
0.0808
0.0949
1
0.0747
0.0892
0.0661
0.0459
0.1786
0.0714
0.1032
0.0962
-0.0342
0.0455
0.0651

Q8
0.0275
0.1598
0.1057
0.1508
0.1173
0.1542
0.0747
1
0.1903
0.1673
0.1534
0.1092
0.078
0.1803
0.3511
0.0973
0.1049
-0.1376

Q9
0.0005
0.0203
0.0925
0.1727
0.2187
-0.0162
0.0892
0.1903
1
0.1026
-0.151
0.0827
-0.0579
-0.0503
0.0237
-0.0952
0.0996
0.046

Variables
Q10
Q11
Q12
Q13
Q14
Q15
Q1
-0.006
0.0776 -0.0314
0
-0.1206 0.1219
Q2
0.2016
0.1041
0.0229
0.128
0.2765
0.3359
Q3
0.0723
0.0169 -0.0459 0.1085
0.0532
0.0874
Q4
0.102
0.0372
0.043
0.0602
0.213
0.1462
Q5
0.1165
0.0959
0.1213
0.1213
0.0685
0.2097
Q6
0.1585
0.0765
0.0684
0.1075
0.2151
0.4478
Q7
0.0661
0.0459
0.1786
0.0714
0.1032
0.0962
Q8
0.1673
0.1534
0.1092
0.078
0.1803
0.3511
Q9
0.1026
-0.151
0.0827 -0.0579 -0.0503 0.0237
Q10
1
0.0936
0.1397
0.1485
0.2863
0.1305
Q11
0.0936
1
0.0865
0.0988
0.0689
0.1132
Q12
0.1397
0.0865
1
0.1842
0.1619
0.0865
Q13
0.1485
0.0988
0.1842
1
0.1494
0.21
Q14
0.2863
0.0689
0.1619
0.1494
1
0.2442
Q15
0.1305
0.1132
0.0865
0.21
0.2442
1
Q16
0.1096
0.2081
0.0726
0.1965
0.3107
0.2081
Q17
0.0249
0.0008
0.1204
0.1118
0.1153
0.1462
Q18
0.0046
0.0395
0.0689
0.0742
0.0423
-0.05
Values in bold are different from 0 with a significance level alpha=0.05

Q16
-0.072
0.178
0.0562
0.1205
0.0891
0.1721
-0.0342
0.0973
-0.0952
0.1096
0.2081
0.0726
0.1965
0.3107
0.2081
1
0.1959
0.0937

Q17
0.186
0.1408
0.176
-0.0121
0.0584
0.1005
0.0455
0.1049
0.0996
0.0249
0.0008
0.1204
0.1118
0.1153
0.1462
0.1959
1
0.2931

Q18
0.0693
0.0939
0.0349
-0.1435
0.0797
-0.0172
0.0651
-0.1376
0.046
0.0046
0.0395
0.0689
0.0742
0.0423
-0.05
0.0937
0.2931
1

As hypothesized, many of the test-items share a significant level of correlation. This is
expounded upon in the PCA results
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Covariance Matrix

Variables
Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8
Q9
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Q17
Q18

Q1
0.1557
0.0383
0.0159
0.0002
0.0206
0.0075
0.0080
0.0029
0.0001
-0.0011
0.0103
-0.0039
0.0000
-0.0237
0.0161
-0.0137
0.0353
0.0107

Q2
0.0383
0.2044
0.0163
0.0774
0.0108
0.0382
0.0241
0.0192
0.0046
0.0432
0.0158
0.0032
0.0273
0.0623
0.0509
0.0390
0.0306
0.0166

Q3
0.0159
0.0163
0.2455
0.0010
0.0129
0.0157
0.0153
0.0139
0.0229
0.0170
0.0028
-0.0071
0.0253
0.0131
0.0145
0.0135
0.0419
0.0067

Q4
0.0002
0.0774
0.0010
0.2311
0.0203
0.0146
0.0193
0.0192
0.0415
0.0232
0.0060
0.0065
0.0136
0.0510
0.0235
0.0280
-0.0028
-0.0269

Q5
Q6
0.0206 0.0075
0.0108 0.0382
0.0129 0.0157
0.0203 0.0146
0.0942 0.0222
0.0222 0.1792
0.0086 0.0140
0.0095 0.0173
0.0335 -0.0034
0.0169 0.0318
0.0098 0.0108
0.0117 0.0091
0.0175 0.0214
0.0105 0.0453
0.0215 0.0635
0.0132 0.0353
0.0086 0.0205
0.0095 -0.0028

Q7
0.0080
0.0241
0.0153
0.0193
0.0086
0.0140
0.1207
0.0069
0.0155
0.0109
0.0053
0.0195
0.0117
0.0179
0.0112
-0.0057
0.0076
0.0088

Q8
0.0029
0.0192
0.0139
0.0192
0.0095
0.0173
0.0069
0.0702
0.0252
0.0210
0.0136
0.0091
0.0097
0.0238
0.0312
0.0125
0.0134
-0.0142

Q9
0.0001
0.0046
0.0229
0.0415
0.0335
-0.0034
0.0155
0.0252
0.2498
0.0243
-0.0253
0.0130
-0.0136
-0.0125
0.0040
-0.0230
0.0239
0.0090

Variables
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Q17
Q18
Q1
-0.0011 0.0103 -0.0039 0.0000 -0.0237 0.0161 -0.0137 0.0353 0.0107
Q2
0.0432 0.0158 0.0032 0.0273 0.0623 0.0509 0.0390 0.0306 0.0166
Q3
0.0170 0.0028 -0.0071 0.0253 0.0131 0.0145 0.0135 0.0419 0.0067
Q4
0.0232 0.0060 0.0065 0.0136 0.0510 0.0235 0.0280 -0.0028 -0.0269
Q5
0.0169 0.0098 0.0117 0.0175 0.0105 0.0215 0.0132 0.0086 0.0095
Q6
0.0318 0.0108 0.0091 0.0214 0.0453 0.0635 0.0353 0.0205 -0.0028
Q7
0.0109 0.0053 0.0195 0.0117 0.0179 0.0112 -0.0057 0.0076 0.0088
Q8
0.0210 0.0136 0.0091 0.0097 0.0238 0.0312 0.0125 0.0134 -0.0142
Q9
0.0243 -0.0253 0.0130 -0.0136 -0.0125 0.0040 -0.0230 0.0239 0.0090
Q10
0.2241 0.0148 0.0208 0.0331 0.0675 0.0207 0.0251 0.0057 0.0009
Q11
0.0148 0.1121 0.0091 0.0156 0.0115 0.0127 0.0337 0.0001 0.0052
Q12
0.0208 0.0091 0.0988 0.0273 0.0253 0.0091 0.0110 0.0182 0.0084
Q13
0.0331 0.0156 0.0273 0.2222 0.0351 0.0331 0.0448 0.0253 0.0136
Q14
0.0675 0.0115 0.0253 0.0351 0.2481 0.0407 0.0749 0.0276 0.0082
Q15
0.0207 0.0127 0.0091 0.0331 0.0407 0.1121 0.0337 0.0235 -0.0065
Q16
0.0251 0.0337 0.0110 0.0448 0.0749 0.0337 0.2342 0.0456 0.0177
Q17
0.0057 0.0001 0.0182 0.0253 0.0276 0.0235 0.0456 0.2311 0.0550
Q18
0.0009 0.0052 0.0084 0.0136 0.0082 -0.0065 0.0177 0.0550 0.1521
Values in bold are different from 0 with a significance level alpha=0.05
No two test-items shared a significant level of covariance.
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Eigenvalues

Eigenvalue
Variability (%)
Cumulative %

F1
2.9523
16.4018
16.4018

F2
1.4907
8.2816
24.6834

F3
1.4537
8.0762
32.7596

F4
1.2688
7.049
39.8086

F5
1.1265
6.2581
46.0668

F6
1.0967
6.0927
52.1595

Eigenvalue
Variability (%)
Cumulative %

F7
0.9993
5.5517
57.7112

F8
0.9786
5.4368
63.148

F9
0.9235
5.1306
68.2786

F10
0.897
4.9834
73.2619

F11
0.858
4.7665
78.0284

F12
0.7312
4.0622
82.0906

Eigenvalue
Variability (%)
Cumulative %

F13
0.646
3.5886
85.6792

F14
0.6243
3.4686
89.1478

F15
0.5568
3.0932
92.241

F16
0.4964
2.7577
94.9987

F17
0.472
2.6221
97.6208

F18
0.4283
2.3792
100

The eigenvalues for factors 1-6 are all greater than 1, which strongly supports a six-factor
model. This would correspond well with the hypothesis that an eight-factor model existed. However,
as will be shown in the factor loadings, factors 2 and 5 only loaded one item each. Single items factors
tend to be unstable (Anderson & Rubin, 1956). The three-factor model, on the other hand, did not
present this issue.
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0

Cumulative variability (%)

3

The point of inflection on this scree plot is at approximately F3 or F4. This supports the use of
a three-factor model as opposed to a six-factor model. Cronbach’s Alpha is 0.67; generally 0.70 to
0.95 is considered acceptable (Nunally & L, 1994) (J & D, 1997) (DeVellis, 2003).
Factor Loadings
Three-Factor Model

Test-Items

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8
Q9
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Q17
Q18

PC1

PC3

PC2
0.238

0.367
0.199
0.407
0.324
0.374
0.211
0.443
0.500
0.263
0.294
0.150
0.146
0.498
0.456
0.504
0.535
0.562

The color code indicates questions that the Director of Developmental Mathematics
hypothesized would load together. The questions mostly loaded together as hypothesized, aside from
the fact that this is a three-factor model as opposed to eight. PC1 includes skills such as: finding area,
solving a linear equation, properties of exponents, and the addition/subtraction of polynomials. The
suggested name for PC1 is Algebra. PC2 includes skills such as: probability, solving for linear
equations, evaluating a linear equation, and graphing linear equations. The suggested name for PC2 is
Linear Equations. PC3 includes: finding perimeter, evaluating an equation, and properties of radicals.
The suggested name for PC3 is Arithmetic.
The Tucker Lewis Index of factoring reliability is 0.933, which suggests that this model
improves fit by 93.3% over the null. The RMSEA index is 0.022, which suggests a strong fit.
BIC is -413.67, which is another scale for determining fit, where a lower value suggests a better fit.

Correlation of (regression)
scores with factors
Multiple R square of scores
with factors
Minimum correlation of
possible factor scores
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PA1

PA3

PA2

0.8

0.79

0.74

0.64

0.62

0.55

0.28

0.23

0.1

Six-Factor Model

Testitems
Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8
Q9
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Q17
Q18

PC1

PC5

PC2

PC3

PC4

0.204

0.205

0.185

0.485

0.258

0.487
0.418

PC6

0.287
0.930

0.256
0.185
0.538

0.184

0.443

0.762
0.575
0.548

0.338

Similar to the three-factor model, the questions loaded as hypothesized. PC1 includes skills
such as: finding area, solving a linear equation, evaluating an equation, and the addition/subtraction
of polynomials. The suggested name for PC1 is Algebra with a focus on multiplication and limited
symbolic manipulation. PC2 loaded a single question about solving linear equations. PC3 includes:
finding perimeter and area. The suggested name for PC3 is Geometry. PC4 includes the
addition/subtraction of binomials. The suggested name for PC4 is Binomials. PC5 includes just a single
question about probability (this question was hypothesized to load by itself). PC6 includes skills such
as: solving linear equations, graphing linear equations, and properties of exponents. The suggested
name for PC6 is Algebra with a focus on symbolic manipulation.
PC2 and PC5 are likely unstable since they have less than three loadings (Anderson & Rubin,
1956). The variable-to-factor ratio of this model is 50% lower than the three-factor model. Previous
studies have shown that the three-factor model is likely to require a smaller sample size due to its
higher variable-to-factor ratio (Mundfrom, Shaw, & Tian, 2005) (Preacher & MacCallum, 2002).
Additionally, MacCallum, Widaman, Zhang, and Hong (1999) report that obtaining six to seven
indicators for a relatively small number of variables is to be considered an overdetermination
(MacCallum, Widaman, & Zhang, 1999).
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The Tucker Lewis Index of factoring reliability is 1.241, which suggests that this model
improves fit by 124.1% over the null. This is higher than the three-factor model. The RMSEA index is
0, which suggests a strong fit. The six-factor model has a stronger fit than the three-factor model
based on the RMSEA index. BIC = -266.57, which suggests this model is not as good of a fit as the
three-factor model.

PC1 PC5 PC2 PC3
0.82 0.82 0.95 0.74
0.67 0.67 0.9 0.55
0.35 0.33 0.8 0.11

Correlation of (regression) scores with factors
Multiple R square of scores with factors
Minimum correlation of possible factor scores

PC6
0.66
0.43
-0.13

PC4
0.71
0.51
0.01

Question 1
The first research question is, “After conducting principal component analysis, do the emerging
components correspond with a factor structure that aligns with the learning objectives and goals?”
The three-factor model is determined to be a better fit than the six-factor model based on the
inflection point of the scree plot, lower BIC, higher variable-to-factor ratio, the absence of overdetermination, and a sufficient number of loadings per principal component. The suggested names for
the components are Algebra, Linear-Equations, and Geometry. The test-items generally load together
as hypothesized. These results do not carry any implication as to the internal consistency of actual
post-test exams completed by students. The test-items retained for this analysis represent
approximately 54.55% (18 out of 33) of actual test-items. Since the retained test-items display a
satisfactory level of internal consistency, it is suggested to revise future test versions accordingly.
Logistic Regression
Several logistic regression models were constructed to address research questions two and
three. The variable inflation factor for models 3 and 4 (the full models) are relatively low. The BoxTidwell test does not suggest there is a concern with the continuous variables (high school GPA, Math
ACT Score, questions answered correctly) lacking a linear relationship with the logit transformation of
predicted grade (C or above encoded as 1, less than C encoded as 0). No outliers were noted.
VIF for Questions Answered Correctly
QAC
HSGOA
ACT Math Score
Race
Age

GVIF

Df

GVIF^(1/(2*Df))

1.19
1.33
1.15
1.47
1.15

1.00
1.00
1.00
6.00
1.00

1.09
1.15
1.07
1.03
1.07

VIF for Principal Axes
PC1
PC2
PC3
High School GPA
ACT Math Score
Race
Age

GVIF
1.27
1.18
1.21
1.34
1.15
1.55
1.16

Df
1.00
1.00
1.00
1.00
1.00
6.00
1.00
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GVIF^(1/(2*Df))
1.13
1.09
1.10
1.16
1.07
1.04
1.08

Age
Math ACT
HSGPA

Box-Tidwell Test
MLE of
Score
lambda
Statistic (z)
1
0.791
1
-1.100
1
0.351

Pr(>|z|)
0.429
0.271
0.726

Question 2
The second research question is, “Does the cumulative post-test score and/or principal
componet sub-scores predict success in a student’s gateway math course?” A logistic regression model
was calculated to predict if a student earned a grade of C or higher in their gateway math course.
Model 1
Variable
constant
QAC

β (SE)
p
OR (CI)
-2.32 (0.79)
< .01 0.10 (-3.93, -0.83)
0.17 (0.06)
<.01
1.18 (.06, .29)
PAC = 58.48% (100 out of 171)
AUC = 0.631
Sensitivity = 62.20%
Specificity = 55.06%
Hosmer & Lemeshow test
X2(8) =6.3838, p=.6043
McFadden R2

3.92%

Classification accuracy

58.48%
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AIC=231.48

A direct logistic regression model was calculated to predict if a student earned a C or higher in
their gateway math course based on the single predictor of questions answered correctly (QAC). The
model was not statistically reliable, X2(8)=6.3838, p=.6043, indicating that number of questions
answered correctly did not reliably predict if a student would earn a C or higher in their gateway math
course. The variance accounted for is small, with McFadden’s R2 = .0392, df = 8. The percentage of
accurately classified cases (using 0.5 as the threshold) was slightly better than guessing, with 100 out
of 171 students (58.48%) being accurately classified. 40 students (23.39%) were over-placed and 31
students (18.13%) were under-placed. Sensitivity was 62.20% and specificity was 55.06%. The AUC
is 0.63.
Another logistic regression model was calculated with the principal component sub-scores
added to predict if a student would earn a C or higher in their gateway math course.
Model 2
β (SE)
p
OR (CI)
constant
< .01
0.13 (-3.67, -0.58)
2.06983
PC1
0.19297
.09
1.21 (-0.03, 0.42)
PC2
.85
0.97 (-0.29, 0.24)
0.02545
PC3
0.23457
.08
1.26 (-0.03, 0.51)
PAC = 61.40% (105 out of 171)
AUC = 0.631
Sensitivity = 59.76%
Specificity = 62.92%
Hosmer & Lemeshow test
X2(8) =4.8594, p=.7725
Variable

McFadden R2

3.86%

Classification accuracy

56.14%
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AIC=235.63

A direct logistic regression was calculated to predict if a student earned a C or higher in their
gateway math course based on three predictors: principal component 1 – Algebra (PA1), principal
component 2 – Linear Equations (PA2), and principal component 3 – Geometry (PA3). The model was
not statistically reliable, X2(8) =4.8594, p=.7725, indicating that questions answered correctly based
on principal componet did not reliably predict if a student would earn a C or higher in their gateway
math course. The variance accounted for is small, with McFadden’s R2 = .0386, df = 8. The
percentage of accurately classified cases (using 0.5 as the threshold) was improved when using the
principal axes as predictors instead of QAC, with 105 out of 171 students (61.4%) being accurately
classified. 33 students (19.3%) were over placed and 33 students (19.3%) were under-placed.
Sensitivity was 59.76% and specificity was 62.92%. The AUC is 0.63, which is the same as in model
1.
Neither of these models emerged reliable for predicting whether a remedial math student will
earn a C or higher in their gateway math course. Both models tend to be very specific and not very
sensitive. Over placement and under placement occurred with the same frequency. This observation is
particularly interesting, as the work of Scott-Clayton et. al. (2014) suggests that over placement is
usually more common than under placement (Scott-Clayton, Crosta, & Belfield, Improving the
Targeting of Treatment: Evidence from College Remediation, 2014).
Question 3

The third research question is, “When controlling for math ACT score, high school GPA, age,
and race, does the cumulative post-test score or any of its sub-scores accurately predict a remedial
math student’s ability to earn a letter grade of “C” or higher in their first college-level math course?”
In model 3, a logistic regression model was calculated to predict if a student earned a C in their
gateway math course based on number of questions answered correctly (QAC) while controlling for
math ACT score (MACT), high school GPA (HSGPA), age, and race (white race was used as the
reference level). The model yielded high standard errors for Asian, Alaskan, and Hispanic. These races
were grouped together as “other” in model 3.1.
Model 3.1 was not statistically reliable, X2(8) =5.45, p=.709, indicating that questions
answered correctly in conjunction with high school GPA, math ACT score, age, and race (with white as
the reference level) did not reliably predict if a student earned a final letter grade of C or higher in
their gateway math course. The variance accounted for is small, with McFadden’s R2 = .0879, df = 8.
The percentage of accurately classified cases (using 0.5 as the threshold) was approximately 65.13%
(99 out of 152 students). 25 students (16.45%) were over-placed and 28 students (18.42%) were
under-placed. Sensitivity was 60.00% and specificity was 69.51%. The AUC is 0.69.
Model 3.1 was followed up with backward elimination, resulting in Model 3.2. Beginning with
the eight predictors in model 3.1, after 3 fisher iterations, a model that minimized AIC was obtained.
The factors included were QAC and HSGPA. Model 3.2 was not statistically reliable, X2(8) =5.45,
p=.709, indicating that questions answered correctly and high school GPA did not reliably predict if a
student would earn a C or higher in their gateway math course. The variance accounted for is small,
with McFadden’s R2 = .088, df = 8. The percentage of accurately classified cases (using 0.5 as the
threshold) decreased after backward elimination, with PAC=59.87% (91 out of 152 students). 27
students (17.76%) were over placed and 34 students (22.37%) were under-placed. Sensitivity was
51.43% and specificity was 67.07%. The AUC for model 3.2 is 0.65, which is slightly lower than the
AUC for model 3.1. Next, a similar logistic regression model was calculated with the principal axes
added.
The model results are presented on the following page.
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Model 3
Variable

β (SE)

p

constant

-8.81
(3.13)

< .01

QAC

0.15
(0.07)

Model 3.1

OR
(CI)
0.00
(-15.28, -2.89)

β
(SE)
-8.58
(3.12)

< .05

1.17
(-0.02, 0.30)

0.15
(.07)

1.71
(1.02)
0.71
(0.53)

0.09

5.55
(-0.16, 3.99)
2.04
(-0.33, 1.77)

0.51
(1.06)
-

0.63

1.67
(-1.69, 2.73)
-

16.30
(1455.40)

0.99

1,202,030
(-280.24, NA)

Alaskan

-14.67
(1455.40)

0.99

Hispanic

16.88
(1455.40)

p

Model 3.2

OR
(CI)
0.00
(-15.01, -2.67)

β
(SE)
-3.61
(1.13)

< .05

1.17
(0.02, 0.30)

0.49
(0.07)

<.05

1.17
(0.03, 0.29)

1.70
(1.02)
.69
(.53)

0.1

5.49
(-0.17, 3.97)
1.99
(-.36, 1.75)

-

-

-

-

-

-

.49
(1.06)
1.67
(1.27)
-

0.64

-

-

-

-

-

-

-

1.63
(-1.72, 2.70)
5.33
(-0.76, 4.80)
-

-

-

-

0.00
(-280.24, NA)

-

-

-

-

-

-

0.99

2,143,579
(-279.56, NA)

-

-

-

-

-

-

0.04
(0.07)

0.63

1.04
(-1.69, 2.73)

.04
(.07)

0.56

1.04
(-0.11, 0.16)

-

-

-

HSGPA

0.77
(.36)

0.03

2.16
(-0.10, .17)

0.74
(.36)

< .05

2.09
(0.05, 1.46)

0.14
(0.31)

<.05

1.61
(-0.12, 1.09)

MACT

0.21
(.13)

0.10

1.23
(-0.03, 0.47)

0.21
(.13)

0.1

1.23
(-0.03, 0.47)

-

-

-

< .01

p
<.01

OR
(CI)
0.03
(-5.92, -1.49)

Race

Unknown
African
American
Two or More
Asian/Alaskan/
Hispanic
Asian

Age

0.18

-

0.2

0.19

AIC = 209.32

AIC = 209.34

AIC = 204.55

PAC = 65.15%
(99 out of 152)

PAC = 65.13%
(99 out of 152)

PAC = 59.87%
(91 out of 152)

AUC = 0.701
Sensitivity = 58.57%
Specificity = 70.73%

AUC = 0.689
Sensitivity = 60.00%
Specificity = 69.51%

AUC = 0.650
Sensitivity = 51.43%
Specificity = 67.07%
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In model 4, model 3.1 was recalculated with questions answered correctly by principal
component to predict if a student earned a letter grade of C or higher in their gateway math course
based on ten predictors: principal component 1 – Algebra (PA1), principal component 2 – Linear
Equations (PA2), principal component 3 – Geometry (PA3), race (white race used as the reference
level), age, high school GPA (HSGPA), and math ACT score (MACT). Model 4 was not statistically
reliable, X2(8)=8.53, p=.3832, , indicating that questions answered correctly by each principal
component in conjunction with high school GPA, math ACT score, age, and race did not reliably predict
if a student would earn a C or higher in their gateway math course. The variance accounted for is
small, with McFadden’s R2 = .093, df = 8. The percentage of accurately classified cases (using 0.5 as
the threshold) was higher than any of the previous models, with 98 out of 152 students (64.47%)
being accurately classified. 24 students (15.79%) were over placed and 30 students (19.74%) were
under placed. Sensitivity was 57.14% and specificity was 70.73%. The AUC is 0.70.
In model 4.1, model 4 was followed up with backward logistic regression analysis. Beginning
with the ten predictors in the previous model, after four fisher iterations, a model that minimized AIC
was obtained. The factors included were PC1 – Linear Equations, HSGPA, and math ACT score. Model
4.1 was not statistically reliable, X2(8)=6.6225, p=.5779, indicating that number of questions
answered correctly in PC1 in conjunction with high school GPA and math Act score did not reliably
predict if a student would C or higher in their gateway math course. The variance accounted for is
small, with McFadden’s R2 = .0612, df = 8. The percentage of accurately classified cases (using 0.5 as
the threshold) was worse than guessing at random, with 91 out of 152 students (59.87%) being
accurately classified. 27 students (17.76%) were over placed and 34 students (22.37%) were under
placed. Sensitivity was 51.43% and specificity was 67.07%. The AUC is 0.65.
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Model 4
Variable
constant

β
(SE)
-8.62
(3.12)

p
<.01

Model 4.1

OR
(CI)
0.00
(-15.08, -2.74)

β
(SE)
-5.67
(2.02)

p

0.21
(0.12)

.06

1.25
(-0.01, 0.47)

<.01

OR
(CI)
0.00
(-9.88, -1.92)

Principal
Component
PC1 Algebra

0.22
(0.14)

.10

1.25
(-0.04, 0.49)

PC2 Linear
Equations

-0.08
(0.15)

.62

0.93
(-0.38, 0.23)

PC3 Arithmetic

0.21
(0.16)

.19

1.24
(-0.10, 0.54)

Unknown

1.77
(1.01)

.08

5.87
(-0.10, 4.03)

African
American
Two or More

0.63
(0.54)
0.22
(1.08)

.24

1.88
(-0.43, 1.71)
1.25
(-2.04, 2.48)

Asian/Alaskan/
Hispanic

1.50
(1.30)

.25

4.49
(-1.00, 4.66)

.45

1.04
(-0.10, 0.17)
2.14
(0.08, 1.49)

0.55
(0.30)

.07

1.73
(-0.04, 1.16)

1.24
(-0.03, 0.47)

0.17
(0.12)

.13

1.19
(-0.05, 0.42)

Race

Age
HSGPA

MACT

0.04
(0.06)
0.76
(0.36)
0.21
(0.13)

.84

<.05

.10

AIC = 212.25

AIC = 204.93

PAC = 64.47%
(98 out of 152)

PAC = 59.87%
(91 out of 152)

AUC = 0.695
Sensitivity = 57.14%
Specificity = 70.73%

AUC = 0.652
Sensitivity = 51.43
Specificity = 67.07%
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Summary of Logistic Regression Results
A total of seven logistic regression models were calculated to address research questions one
and two. None of the models were statistically significant. The highest percentage of accurately
classified cases (65.13%) was obtained in the full model based on questions answered correctly
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(model 3.1). The highest specificity (70.73%) was also achieved in the full model. Model 1, which was
the most basic logistic regression model, obtained the highest sensitivity (62.20%). Model 3.1 would
ideal to use if the university’s objective was to enroll a maximum number of students in gateway math
courses. On the other hand, if the university’s goal would be to maintain higher pass rates in college
level math courses, then model 1 may provide better results and without the added variables (which
would make the data more resource-intensive to gather).
Summary
A sample of 171 students and 18-test items were examined for internal consistency and
predictive validity. The sample was fairly representative of the U.S. national population. After
conducting principal component analysis, a three-factor model was found to be the most suitable
based on the sample size and variable-to-factor ratio. The three factors, PC1 – Algebra, PC2 – Linear
Equations, PC3 – Arithmetic, explained a total of 32% of the variance.
Principal component analysis was followed up with logistic regression to determine whether
the retained test-items predicted whether a remedial math student would earn a C or higher in their
gateway math course. Age, race, high school GPA, and math ACT score were used as covariates. None
of the models were statistically reliable. The highest percentage of accurately classified cases
(65.13%) was obtained in full model where questions were examined on a cumulative basis as
opposed to principal component.
The underlying assumptions for principal component analysis and logistic regression were
reasonably satisfied. Further research with this data set could yield stronger models.
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Chapter Five – Summary
This chapter provides a summary of the motivation for the study, the theoretical framework,
results, methodology, limitations, and suggested improvements to future studies. The study is
motivated by the unethical of use unvalidated tests. Results are discussed within the context of the
theoretical framework. The methodology outlines how the procedures of the study were implemented.
Motivation for the Study
Tests are often used by society to help make decisions. For example, the Ohio Department of
Motor Vehicles requires applicants to pass a multiple-choice exam before being issued a driver’s
permit. Psychologists use tests such as the GAD-7 to assess a patient’s mental health. This study
focuses on a teacher-made test administered to developmental math students at Shawnee State
University. This test was worth approximately 20% of the total grade for MATH0101 (Basic Algebra
with Geometry and Application). This single test, and how the student performed on that particular
day, was a significant factor used to decide which students could continue their mathematics
education. It is unethical to use an un-validated and unreliable test to determine a for a material
portion of a student’s course grade. Multiple literary findings demonstrate that teacher-made tests
often lack internal consistency, predictive validity, and fail to conform to the basic principles of
educational measurement (Salking, 2018, p. 229) (Simsek, 2016) (Fleming, Green, Ross, & Tollefson,
1998) (Pigge & Marso, 1988).
The purpose of this study was to evaluate a post-test given to developmental math students
at Shawnee State University for internal consistency and predictive validity. Principal component
analysis will be used to examine the underlying constructs of the exam. Logistic regression techniques
were used to predict if a student will earn a final letter grade of “C” or higher in their gateway math
course. Students and educators make substantial investments into obtaining and delivering quality
educational instruction. The importance of accurately measuring students’ knowledge of the material
and their ability to succeed in the course are underscored by a mounting national student loan debt,
laws that provide state funding based on retention levels, legal liabilities stemming from allegations of
discrimination, and opportunity costs.
This study is unique, in that, it focuses on a test construction that may not be perceived as
applicable to a wider audience. It is likely because of this that few publications focus on common
practices found with teacher-made tests. More research of this nature is needed to help identify
broader trends among institutions of higher education. This section provides a summary of the
methodology used to assess internal consistency and predictive validity, an interpretation of the
results, an outline of limitations of the study, and suggestions for improving educational practices.
While the material may be specific to Shawnee State University, the content of these findings will
certainly carry broader implications for educators across the United States.
Theoretical Framework and Results
This study considers the validity of a post-test administered to developmental math students
under a unitarian framework. This unitarian concept of validity considers
1.)
2.)
3.)
4.)
5.)

Test Content
Internal Structure
Response Process
Associations with Other Variables
Consequences of Use

(Furr & Bacharach, 2014)

The first criterion is concerned with content validity and face validity. In this case, the content
validity pertains to a student’s mathematical knowledge. Chapter 3 places each test-item (with
examples) into eight categories, namely geometry, probability, linear equations, evaluation equations
(simple substitution/simplification), graphing, properties of exponents, properties of radicals, and the
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addition/subtraction of polynomials. It is believed that these types of test-items The course is
intended to familiarize students with, “linear expressions and equations in numeric, graphic, and
symbolic form; solving linear equations and inequalities; linear models; operations with exponents;
scientific notation; roots, radicals, and fractional exponents; radical equations; polynomial expressions
(Shawnee State University, 2020).” Each test-item category directly relates to the course description
with the exception of probability; however, probability is included on the stated of list of course
objectives designed by faculty members of the university (see Appendix B). These test items serve as
a fair representation of a student’s mathematical knowledge at this point in their academic studies and
appear to belong on the test. The content validity and face validity of this test appears to be strong.
Internal structure refers to the way that the test-items relate to each other, which was
evaluated in this study through principal component analysis. Cronbach’s alpha was 0.67, which is just
below generally accepted minimum value of 0.70 (Nunally & L, 1994) (J & D, 1997) (DeVellis, 2003).
Consideration was given to a six-factor and three-factor model. The three-factor model was
determined to be a better fit based on the inflection point of the scree plot, lower BIC, higher variableto-factor ratio, the absence of over-determination, and a sufficient number of loadings per principal
component. The suggested names of the three factors are PA1 – Algebra, PA2 – Linear Equations, and
PA3 – Arithmetic. The internal structure corresponds with the intended design of the test; however,
this should not come as much of a surprise. The test-items retained for this analysis represent
approximately 54.55% (18 out of 33) of actual test-items that were completed by students and
factored into their test score. Without analyzing the remaining 45.45% of test items, the actual posttests completed by students may vary significantly. Chapter 3 details the reasoning and process for
having eliminated 15 of the test items. With respect to the test-items retained for this study, the
internal structure is at a satisfactory level.
Response process refers to the psychological process that a student uses when responding to
the test-items. While exploring these mechanisms in detail was beyond the scope of the study, it is
believed that the examples provided to students in lecture and on homework assignments should have
conditioned them on how to approach the test-items.
“Associations with other variables” refers to particular patterns that are likely to be observed
in the data set because of other variables (Furr & Bacharach, 2014). This study implemented a total
of seven logistic regression techniques to determine if post-test score, principal component sub-score,
high school GPA, ACT math score, age, and/or race predicted whether a student would earn a “C” or
higher in their gateway math course. Logistic regression model 1, which only considered the
cumulative post-test score, was not statistically reliable. Model 2 considered post-test score across
principal component and was not statistically reliable. Model 3.1, the full model, considered post-test
score, age, race, high school GPA, and Math ACT score. Model 3.1 was not statistically reliable.
Backward elimination was carried out on Model 3.1 to eliminate the insignificant predictors, which lead
to Model 3.2. Model 3.2 considered post-test score and high school GPA, had a lower AIC than model
3.2, but was not statistically reliable. Another full model was carried out in Model 4, which used the
principal component sub-scores instead of the cumulative post test-score. Model 4 was not statistically
reliable. Backward elimination was carried out to develop Model 4.1, which only considered PC1 –
Algebra, high school GPA, and ACT math score. Model 4.1 was not statistically reliable. Overall, the
lowest AIC score was obtained by Model 3.2. The highest PAC was obtained by model 3.1. Model 4
was the most sensitive. Models 3.1 and 4 were equally the most specific. Ideally, a relationship would
have existed between a student’s test score, ACT math score, and/or high school GPA that would
consistently predict if they would earn a “C” or higher in their gateway math course. There are no
observable disparities among students based on their age or race. In one respect, it is good to see
that factors such as age and race are not influencing the outcomes, but on the other hand, the
variable which matters most to students, their final exam score, does not appear to be indicative of
how the student will perform in their gateway math course. Additionally, factors commonly used by
educators for course placement such as high school GPA and ACT math score are also not good
predictors. The lack of predictive validity is the greatest detriment to the unitarian validity of this posttest.
Lastly, “consequences of use” refers to the social and personal consequences associated with
using a test (Furr & Bacharach, 2014). One obvious consequence associated with the post-test used in
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this study is that the test accounts for 20% of a student’s final grade. This, in turn, contributes to the
decision of whether or not the student should be permitted to take additional math courses. When
considering that the average sensitivity across models 1, 2, 3.1, 3.2, 4, and 4.1 is approximately
57%, the post-test essentially acts as a coin-toss for determining which students will pass their
gateway math course. This effectively puts students in a position to trivially pass or fail their gateway
math course, which has negative repercussions for both the student and the university.
Methodology
An initial sample of 348 developmental math students at Shawnee State University was
gathered. Students were included in the sample so long as they had enrolled in a MATH0101 from the
Spring Semester of 2017 to the Fall Semester of 2019. Students that did not enroll in a gateway math
course (or withdrew from all of their gateway math courses) during the scope of the study were
removed from the data set. This left a remaining sample size of 171 students. Other anomalies existed
in the data set which required attention; this has been outlined in the data cleaning section of chapter
four.
Students completed different versions of the post-test depending on which semester they
enrolled in MATH0101. To enhance the comparable validity, the Director of Developmental
Mathematics and Director of Graduate Studies in Mathematics compared five different versions of the
post-test and eliminated dissimilar test-items. 18 test-items were retained after elimination. Only
these test-items were used when considering internal consistency and predictive validity.
The data set consists of student responses to the test-items, ACT math score, high school
GPA, age, race, and final letter grade in their first gateway math course. Student responses to the
test-items were encoded as “1” for correct and “0” for incorrect. Students’ final letter grade in their
first gateway math course was encoded as “1” if they earned a C or higher, and “0” if they earned a C
or lower. Principal component analysis was applied to the students’ test-item responses to assess
internal consistency. Several logistic regression models were calculated to assess predictive validity.
Limitations and Improvements

The limitations of the study are categorized as they relate to principal component analysis,
logistic regression, and the study as a whole.
General Limitations
The study assumes that all students put forth their best effort on the post-test. This may not
be true depending on what type of external influences the student was experiencing on the day of the
test. The study also assumes that no students cheated; if the students cheated then the results are
not authentic.
Aside from these typical limitations, there is also a concern regarding generalizability. This
study focuses on a teacher-made test that was designed specifically for use at Shawnee State
University based on feedback from those who had taught MATH0101. While the results pertaining to
this specific test are likely not applicable to educators at other institutions, these results can
contribute to existing studies on teacher-made tests in hopes of discovering larger trends with these
types of test in higher education.
Limitations with Principal Component Analysis
Students completed different versions of the post-test depending on what semester they
enrolled in MATH0101. Test-items that were not analogous to other questions across all versions of
the test had to be removed from the data set. While the post-test actually completed by students had
between 33 and 35 test-items, the data set only includes a total of 18 test-items. This reduction in the
number of test items prohibited the number of factors that could reasonably be included in the models
when conducting principal component analysis.
Limitations with Logistic Regression
Given that approximately 46% to 49% of the test-items completed by students were not
included in the data set, it is possible that a subject’s actual post-test score differed substantially from
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the post-test score based on the 18-items. This difference in post-test score could explain why none of
the logistic regression models were statistically significant.
Additional students were eliminated from the sample due to a missing high school GPA or
math ACT score. In these cases, it is possible that either the student was home schooled, earned their
GED, or never took the ACT. Whether these students eventually passed their gateway math course is
not taken into consideration, which could have had a meaningful difference.
A few limiting factors exist regarding race. Students of Asian, Alaskan, or Hispanic descent
were under-represented in the sample. As a result, their standard errors in logistic regression were
very high, which was addressed by combining these races into the category of “other.” On the surface,
these three races do not appear to share much in common, which is why the title is so vague. It could
be argued that these students should have been combined with the “unknown” racial category.
Though, that would result in somewhat of a misleading name if in fact the races for some of these
subjects were known to this researcher.
Sample size is potentially a concern with logistic regression. Sources do not widely agree on
how to calculate the required sample size based on the number of predictors being used. General
rules-of-thumb suggest that 70-80 would be sufficient, while more authoritative sources argue that
350-550 subjects is the minimum based on the number of predictors (Smeden, et al., 2016) (Bujang,
Sa'at, Sidik, & Joo, 2018). While the sample sized used for principal component analysis was 171,
even fewer subjects could be included logistic regression models utilizing high school GPA or ACT math
score. The sample size for logistic regression was as low as 152 students, dependent on the model.
Improvements and Further Study
After a student completes MATH0101, in many cases, the student goes on to complete
MATH0102 before enrolling in their gateway math course. The only way a student enrolls in their
gateway math course without completing MATH0102 is if they enroll in a gateway math course that
has a developmental component. Incorporating the students’ final letter grade in MATH0102 may
allow for the calculation of a more accurate logistic regression model.
Not all students completed the same gateway math course. Students who completed the same
gateway math course may have completed these courses with different instructors. How an instructor
teaches their course could likely be more impactful on the student’s final letter grade than their prior
experience. Further studies could work to develop a way to control for these differences in gateway
courses and instructors.
While some students completed MATH0101, MATH0102, and then their gateway math course
in a sequential order, some students completed MATH0101 and then completed MATH0120A as a corequisite to their gateway level math course. This method of instruction focuses on just-in-time
remediation. Although time-to-degree completion may be improved by this format, whether this
change improves performance over the more traditional sequence is unknown. Future studies on
internal consistency and predictive validity as they relate to just-in-time remediation may be of
interest to educators.
Summary
Tests are often used by society to help make decisions. It is unethical to use an un-validated
and unreliable test to determine a material portion of a student’s course grade. The purpose of this
study was to evaluate a post-test given to developmental math students at Shawnee State University
for internal consistency and predictive validity. This study is unique, in that, it focuses on a test that
may not be perceived as applicable to a wider audience. However, such studies are needed to
contribute to a growing body of research on teacher-made tests in order to identify broader trends at
post-secondary educational institutions.
The validity of this test was considered under a unitarian framework. The internal structure of
the post-test was evaluated by principal component analysis, which yielded a three-factor model.
Several logistic regression models were calculated, with none of them being statistically significant.
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The study has two main limitations, the most prominent of which is generalizability. The second
limitation is that only 54.55% of the original test questions could be retained for analysis in the study
for the sake of preserving comparable validity across the five different versions of the post-test that
were used. Researchers may wish to revisit this study to give consideration to other potential
predictors such as how the students performed in their second developmental math course, as
opposed to just the first one. Researchers may also wish to control for the type of gateway math
course each student enrolled in and also account for the instructor of each course.

45

References
Adelman, C. (2006). THE TOOLBOX REVISITED: Paths to Degree Completion From High School
Through College. U.S. Department of Education. Retrieved January 29, 2020, from
https://www2.ed.gov/rschstat/research/pubs/toolboxrevisit/toolbox.pdf
Anderson, T., & Rubin, H. (1956). Statistical Inference in Factor Analysis. Proceedings of the Third
Berkeley Symposium on Mathematical Statistics and Probability (pp. 111-150). Berkely:
University of California Press. Retrieved June 4, 2020, from
https://apps.dtic.mil/dtic/tr/fulltext/u2/1028617.pdf
Bahr, P. (2013, March). The Aftermath of Remedial Math: Investigating the Low Rate of Certificate
Completion among Remedial Math Students. Research in Higher Education, 54(2), 171-200.
doi:10.1007/s11162-012-9281-4
Bain, S. F., & Martinez, M. E. (2014, February). The costs of remedial and developmental education in.
Research in Higher Education, 22. Retrieved March 9, 2020, from
https://eric.ed.gov/?id=EJ1064045
Begdache, L., Kianmehr, H., Sabounchi, N., Chaar, M., & Marhaba, J. (2020, April 1). Principal
component analysis identifies differential gender-specific dietary patterns that may be linked
to mental distress in human adults. Nutritional Neuroscience, 23(4), 295-308.
doi:10.1080/1028415X.2018.1500198
Belfield, C. C. (2012). Predicting success in college: The importance of placement tests and high
school transcripts. Queens College, The City University of New York. New York: Community
College Research Center, Teachers College, Columbia University. Retrieved November 3, 2019,
from https://ccrc.tc.columbia.edu/media/k2/attachments/predicting-success-placement-teststranscripts.pdf
Berman, J. (2019, July 30). Where the 2020 candidates stand on student debt and college
affordability. Retrieved March 10, 2020, from marketwatch.com:
https://www.marketwatch.com/story/where-the-2020-candidates-stand-on-student-debt-andcollege-affordability-2019-02-20
Bezrutczyk, D. (2019, April 1). https://www.opioidhelp.com/news/addiction-sex-traffickingportsmouth-ohio/. Retrieved May 12, 2020, from opiodhelp.com:
https://www.opioidhelp.com/news/addiction-sex-trafficking-portsmouth-ohio/
Blair, G. M. (1943, December). Remedial Arithmetic in Senior High Schools. The Mathematics Teacher,
36(8), 346-350. Retrieved December 12, 2019, from
https://www.jstor.org/stable/27952802?seq=1
Bujang, M. A., Sa'at, N., Sidik, T. M., & Joo, L. C. (2018, Aug 30). Sample Size Guidelines for Logistic
Regression from Observational Studies with Large Population: Emphasis on the Accuracy
Between Statistics and Parameters Based on Real Life Clinical Data. The Malaysian Journal of
Medical Sciences, 122-130. doi:10.21315/mjms2018.25.4.12
Cabrera, A. F., Burkum, K. R., & La Nasa, S. M. (2003). Pathways to a Four-Year Degree:
Determinants of Degree Completion among Socioeconomically Disadvantaged Students.
Portland. Retrieved January 29, 2020, from https://eric.ed.gov/?id=ED482160
Community College League of California. (2018, October). Higher Education Funding Formulas by
State. Retrieved February 1, 2020, from ccleague.org:
https://www.ccleague.org/sites/default/files/images/higher_education_funding_formulas_by_s
tate.pdf
DeVellis, R. (2003). Scale Development: Theory and Applications. Thousand Oaks, CA: Sage.

46

Education Data. (2019). College Dropout Rate. Retrieved January 29, 2020, from educationdata.org:
https://educationdata.org/college-dropout-rate/#
ERIC Clearinghouse for Junior Colleges; American Associatio for Junior Colleges. (1968). Retrieved 3
10, 2020, from eric.ed.gov: https://eric.ed.gov/?id=ED019077
ERIC Digests. (1985). Legal Issues in Testing. Retrieved January 27, 2020, from ericdigests.org:
https://www.ericdigests.org/pre-927/legal.htm
Fabrigar, L. R., Wegener, D. T., MacCallum, R. C., & Strahan, E. J. (1999). Evaluating the use of
exploratory factor analysis in psychological research. Psychological Methods, 4(3), 272-299.
doi: https://doi.org/10.1037/1082-989X.4.3.272
Fain, P. (2013, September 13). Going to the Root of the Problem. Retrieved March 10, 2020, from
insidehighered.com: https://www.insidehighered.com/news/2013/09/13/promising-remedialmath-reform-tennessee-expands
Fleming, K., Green, S. B., Ross, M., & Tollefson, N. (1998, March 1). Teachers' Choices of Test-Item
Formats for Classes With Diverse Achievement Levels. Journal of Educational Research, 91(4),
222-228. Retrieved March 15, 2020, from
http://login.proxy01.shawnee.edu/login?url=http://search.ebscohost.com/login.aspx?direct=tr
ue&db=pbh&AN=293713&site=eds-live&scope=site
Fletcher, D. (2009, December 11). History of Standardized Testing in the United States. Retrieved
December 15, 2019, from nea.org: http://www.nea.org/home/66139.htm
Foster, S. G. (1984, February 8). Court Finds I.Q. Tests Racially Biased for Black Pupils' Placement.
Retrieved March 12, 2020, from edweek.org:
https://www.edweek.org/ew/articles/1984/02/08/05320018.h03.html
Furr, M. R., & Bacharach, V. R. (2014). Psychometrics: An Introduction (second edition). Sage.
Retrieved July 14, 2020
Herndon, A. W. (2019, April 22). Elizabeth Warren’s Higher Education Plan: Cancel Student Debt and
Eliminate Tuition. Retrieved March 10, 2020, from nytimes.com:
https://www.nytimes.com/2019/04/22/us/politics/elizabeth-warren-student-debt.html
Herzog, S. (2005, December). Measuring Determinants of Student Return VS. Dropout/Stopout VS.
Transfer: A First-to-Second Year Analysis of New Freshmen. Research in Higher Education,
46(8), 883-928. doi:10.1007/s11162-005-6933-7
Hongthong, D., & Areesantichai, C. (2014, October). Factors predictive of alcohol consumption among
senior high school students in Phayao province, Thailand. Journal of Substance Use, 19(5),
368-372. doi:http://dx.doi.org.proxy01.shawnee.edu/10.3109/14659891.2013.827245
J, B., & D, A. (1997). Statistics Notes: Cronbach's Alpha. The British Medical Journal, 275-314.
doi:10.1136/bmj.314.7080.572
Jensen, A. R. (1980). Bias in Mental Testing. New York, New York, United States: Free Press.
Retrieved February 6, 2020, from http://emilkirkegaard.dk/en/wp-content/uploads/Bias-inMental-Testing-Arthur-R.-Jensen.pdf
Jimenez, L. (2018, January 9). How to Reform Remedial Education. Retrieved March 10, 2020, from
americanpress.org: https://www.americanprogress.org/issues/education-k12/news/2018/01/09/444582/reform-remedial-education/
Joyce, F. S. (1983, May 24). Florida Literacy Test Snags Diplomas. Retrieved March 12, 2020, from
nytimes.com: https://www.nytimes.com/1983/05/24/us/florida-literacy-test-snagsdiplomas.html
47

Kurt, D. (2019, November 15). Student Loan Debt: 2019 Statistics and Outlook. Retrieved January 29,
2020, from investopedia.com: https://www.investopedia.com/student-loan-debt-2019statistics-and-outlook-4772007
Lund Research Ltd. (2018). Multinomial Logistic Regression using SPSS Statistics. Retrieved April 15,
2020, from statistics.laerd.com: https://statistics.laerd.com/spss-tutorials/multinomiallogistic-regression-using-spss-statistics.php
Lund Research Ltd. (2018). Principal Components Analysis (PCA) using SPSS Statistics. Retrieved April
15, 2020, from statistics.laerd.com: https://statistics.laerd.com/spss-tutorials/principalcomponents-analysis-pca-using-spss-statistics.php
MacCallum, R. C., Widaman, K. F., & Zhang, S. S. (1999). Sample size in factor analysis. Psychological
Methods, 4(1), 84-99. Retrieved June 4, 2020, from https://psycnet.apa.org/buy/199910139-007
Madeleine, J. (2019, June 24). Here's How 2020 Democrats' Student Loan Debt Proposals Compare.
Retrieved March 10, 2020, from time.com: https://time.com/5613425/student-loanforgiveness-bernie-sanders/
Minsky, A. S. (2019, June 3). Where Does Joe Biden Stand On Student Loan Debt? Retrieved March
10, 2020, from forbes.com: https://www.forbes.com/sites/adamminsky/2019/06/03/wheredoes-joe-biden-stand-on-student-loan-debt/#430a82ad6a6c
Morrison, M. C., & Schmit, S. (2010). Predicting Success in a Gateway Mathematics Course. North
Iowa Area Community College, Institutional Effectiveness & Organizational Development.
Retrieved March 10, 2020, from https://files.eric.ed.gov/fulltext/ED511033.pdf
Mundfrom, D. J., Shaw, D. G., & Tian, K. l. (2005). Minimum Sample Size Recommendations for
Conducting Factor Analyses. International Journal of Testing, 5(2), 159-168.
doi:10.1207/s15327574ijt0502_4
Naja, F., Itani, L., Hwalla, N., Sibai, A. M., & Kharroubi, S. A. (2019, August 16). Identification of
dietary patterns associated with elevated blood pressure among Lebanese men: A comparison.
PLoS ONE, 14(8), 1-16. doi:10.1371/journal.pone.0220942
National Center for Education Statistics. (2019). Graduation Rates. Retrieved January 29, 2020, from
nces.ed.gov: https://nces.ed.gov/fastfacts/display.asp?id=40
National Research Council. (1999). Testing for Tracking, Promotion, and Graduation. (J. P. Heubert, &
R. M. Hauser, Eds.) District of Columbia, United States: National Academy Press. Retrieved
March 12, 2020, from https://www.nap.edu/read/6336/chapter/1
Nunally, J., & L, B. (1994). Psychometric Theory. McGraw-Hill Higher, INC.
Outerbridge, A. N. (1979). A Survey of Test Validation Study Costs. Office of Personnel Management.
Retrieved March 13, 2020, from https://files.eric.ed.gov/fulltext/ED204383.pdf
Pigge, F. L., & Marso, R. N. (1988). An Analysis of Teacher-made Tests: Testing Practices, Cognitive
Demands, and Item Construction Errors. Presentation at the Annual Meeting of the National
Council on Measurement in Education, Bowling Green State University, College of Education
and Allied Professionals, Bowling Green, Ohio. Retrieved March 16, 2020, from
https://files.eric.ed.gov/fulltext/ED298174.pdf
Preacher, K. J., & MacCallum, R. C. (2002, March). Exploratory Factor Analysis in Behavior Genetics
Research: Factor Recovery with Small Sample Sizes. Behavior Genetics, 32(2), 153.
doi:10.1023/A:1015210025234

48

Reardon, S. F., & Owens, A. (2013). 60 Years After Brown: Trends and Consequences of School
Segregation. Stanford University, Sociology. Retrieved March 12, 2020, from
https://cepa.stanford.edu/sites/default/files/reardon%20owens%20ARS%20segregation%20o
ct2013.pdf
Salking, N. J. (2018). Tests & Measurement for People Who (Think They) Hate Tests & Measurement
(3rd ed.). (H. Salmon, K. Ancheta, C. Neve, L. Larson, & M. Granger, Eds.) Los Angeles,
California, United States: SAGE Publications Inc. Retrieved January 26, 2020
Scheper Kim & Harris LLP. (2019, December 09). 2019.12.09 Smith v. UC Regents. Retrieved
February 6, 2020, from kinstacdn.com: https://mk0edsource0y23p672y.kinstacdn.com/wpcontent/uploads/2019/12/2019.12.10-Kawika-Smith-et-al-v.-UC-Regents-et-al.pdf
Scott-Clayton, J., & Rodriguez, O. (2015). Development, Discouragement, or Diversion? New Evidence
on the Effects of College Remediation Policy. Education Finance and Policy, 10(1). Retrieved
March 3, 2020, from https://www.mitpressjournals.org/doi/10.1162/EDFP_a_00150
Scott-Clayton, J., Crosta, P. M., & Belfield, C. R. (2014, September). Improving the Targeting of
Treatment: Evidence from College Remediation. SAGE Publications, 36(3), 371-393.
doi:https://doi.org/10.3102/0162373713517935
Shawnee State University. (2019). Catalog Search. Retrieved April 9, 2020, from
catalog.shawnee.edu:
http://catalog.shawnee.edu/search_advanced.php?cur_cat_oid=52&search_database=Search
&search_db=Search&cpage=1&ecpage=1&ppage=1&spage=1&tpage=1&location=33&filter%5
Bkeyword%5D=MATH0101&filter%5Bexact_match%5D=1
Shawnee State University. (2020). Catalog Search. Retrieved July 15, 2020, from
catalog.shawnee.edu:
http://catalog.shawnee.edu/search_advanced.php?cur_cat_oid=52&search_database=Search
&search_db=Search&cpage=1&ecpage=1&ppage=1&spage=1&tpage=1&location=33&filter%5
Bkeyword%5D=MATH0101&filter%5Bexact_match%5D=1
Simsek, A. (2016). A comparative analysis of common mistakes in achievement tests. European
Journal of Science and Mathematics Education, 4(4), 477-489. Retrieved March 15, 2020,
from https://files.eric.ed.gov/fulltext/EJ1118158.pdf
Smeden, M. V., Groot, J. A., Moons, K. G., Collins, G. S., Altman, D. G., Eijkemans, M. J., & Reitsma,
J. B. (2016, November 26). No rationale for 1 variable per 10 events criterion for binary
logistic regression analysis. BMC Medical Research Methodology. Retrieved April 3, 2020, from
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-016-0267-3
Smith, A. A. (2015, June 25). When You're Not Ready. Retrieved March 10, 2020, from
insidehighered.com: https://www.insidehighered.com/news/2015/06/25/floridas-remediallaw-leads-decreasing-pass-rates-math-and-english
Smith, A. A. (2017, July 12). Texas Requires Credit-Bearing Remediation. Retrieved March 10, 2020,
from insidehighered.com: https://www.insidehighered.com/news/2017/07/12/texaslegislature-requires-colleges-use-popular-reform-approach-remedial-education
Statistics Solutions. (2020). Multicollinearity. Retrieved April 15, 2020, from statisticssolutions.com:
https://www.statisticssolutions.com/multicollinearity/
Stephanie. (2015, September 21). Variance Inflation Factor. (Statistics How To) Retrieved March 6th,
2020, from statisticshowto.org: https://www.statisticshowto.com/variance-inflation-factor/
Stephanie. (2018, June 13). Tolerance Level / Tolerance Statistics: Definition, Examples. (Statistics
How To) Retrieved April 15, 2020, from statisticshowto.com:
https://www.statisticshowto.com/tolerance-level-statistics/
49

Terman, L. M. (1916). The Measurement of Intelligence. Stanford, California, United States: The
Riverside Press. Retrieved February 6, 2020, from
https://psychaanalyse.com/pdf/THE_MEASUREMENT_OF_INTELLIGENCE.pdf
Test Construction: Introduction and Overview. (n.d.). Retrieved March 18, 2020, from
mathcs.duq.edu: http://www.mathcs.duq.edu/~packer/Courses/Psy624/test.html
Thompson, D. E., Bowling, B. V., & Markle, R. E. (n.d.). Predicting Student Success in a Major’s
Introductory Biology Course via Logistic Regression Analysis of Scientific Reasoning Ability and
Mathematics Scores. R.
Tompor, S. (2015, June 7). College student's nightmare: Loan debt and no degree. Retrieved January
29, 2020, from usatoday.com:
https://www.usatoday.com/story/money/columnist/tompor/tompor/2015/06/07/studentloans-repay-delinquency-federal-reserve/28562447/
U.S. Department of Commerce. (2019, July 1). QuickFacts. Retrieved June 29, 2020, from
census.gov: https://www.census.gov/quickfacts/fact/table/US/PST045219
U.S. Department of Education. (1999, January). Impact of the Civil Rights Laws. Retrieved January
27, 2020, from ed.gov: https://www2.ed.gov/about/offices/list/ocr/docs/impact.html
UCLA Institute for Digital Research & Education: Statistical Counseling. (2020). Lesson 3 Logistic
Regression Diagnostics. Retrieved April 15, 2020, from stats.idre.ucla.edu:
https://stats.idre.ucla.edu/stata/webbooks/logistic/chapter3/lesson-3-logistic-regressiondiagnostics/
UCLA Institute for Digital Research & Education: Statistical Counseling. (2020). Principal Components
(PCA) and Exploratory Factor Analysis (EFA) with SPSS. Retrieved April 19, 2020, from
stats.idre.ucla.edu: https://stats.idre.ucla.edu/spss/seminars/efa-spss/
Ulmer, W., Means, D. R., Cawthon, T. W., & Kristensen, S. A. (2016, May). Investigation of Remedial
Education Course Scores as a Predictor of Introduction-Level Course Performances. Journal of
College Student Retention, 18(1), 109-130. Retrieved March 18, 2020, from
http://login.proxy01.shawnee.edu/login?url=http://search.ebscohost.com/login.aspx?direct=tr
ue&db=eric&AN=EJ1096231&site=eds-live&scope=site
Winter, J., Dodou, D., & Wieringa, P. (2009, March). Exploratory Factor Analysis With Small Sample
Sizes. Multivariate Behavior Research, 44(2), 147-181. doi:10.1080/00273170902794206
Zaho, N. (n.d.). The Minimum Sample Size in Factor Analysis. Retrieved June 4, 2020, from Eli
Johogo: http://eli.johogo.com/Class/FA-Size.htm

50

Appendix A – Modified Version of Wisconsin Mathematics Formula Reference Sheet

51

Appendix B – Stated Course Objectives

52

53

Appendix C – IRB Approval

54

Bibliography
Robert Zachary Schweinsberg

Candidate for the Degree of

Master of Science Mathematics

Thesis: EXAMINIG THE INTERNAL CONSISTENCY OF AND PREDICTIVE VALIDTY OF
A POST-TEST ADMINISTERED TO DEVELOPMENTAL MATH STUDENTS
Major Field: Mathematics
Education: Bachelor of Science in Business Administration, Associate of Science
Completed the requirements for the Master of Science in Mathematics, Portsmouth, Ohio in
August 2020.

55

